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This dissertation proposes a framework in support of biomass supply chain
network design. This framework relies in the use of trucks for short distance biomass
transportation, and relies in the use of rail for long-haul, and high-volume transportation
of densified biomass. A hub and spoke network design model is proposed for the case
when biomass is shipped by rail. These models are created and solved for the following
problems: 1) designing a biomass supply chain to deliver densified biomass to a coal
fired power plant for co-firing and 2) designing biomass-to-biorefinery supply chain
using rail for long-haul, and high-volume shipment of densified biomass under economic,
environmental, and social criteria. The first problem is modeled as a Mixed-Integer
Linear Programming (MILP). A Benders’ decomposition-based algorithm is developed to
solve the MILP model because its large size makes it difficult to solve using CPLEX. The
numerical analysis indicates that the total unit transportation cost from the farm to a coal
plant is $36/ton. Numerical analysis also indicates that biomass cofiring is cost efficient
compare to direct coal firing if the renewable energy production tax credit is applied and
biomass is located within 75 miles from a coal plant. The second problem is also

modeled as a MILP mode. This MILP identifies the number, capacity and location of
biorefineries needed to make use of the biomass available in the region. A case study is
created using data from a number of States in the Midwest USA. The numerical analysis
show that 24.38%-26.12% of the target cellulosic biofuel set by the Energy Independence
and Security Act of 2007 can be met at delivery cost $4.01 to $4.02 per gallon. The
numerical analysis also reveals the tradeoffs that exist among the economics,
environmental impact, and social objectives of using densified biomass for production of
biofuel.
Finally, this dissertation presents a detailed analysis of the rail transportation cost
for products that have similar physical characteristics to densified biomass and biofuel. A
numbers of regression equations are developed in order to evaluate and quantify the
impact of important factors on the unit transportation cost.
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INTRODUCTION

Fossil fuels, such as oil, coal and natural gas currently represent the prime energy
sources in the world. However, an increasing energy demand, coupled with increasing
concerns over global warming, have resulted in an increased interest in a variety of
renewable energy resources (RES) such as biomass, solar, and wind. United States
Department of Energy (2006) has identified biofuels as one of the future powers sources
in the USA that will reduce nation’s dependency on fossil fuels, thereby having a positive
impact on the economy, environment, and society. A variety of biomass feedstocks are
presently used to produce biofuel and electricity. According to EIA, biomass contributes
nearly 3.9 quadrillion British thermal units (BTU) and accounts for more than 4% of total
U.S. primary energy consumption (EIA, 2010a). Over the last 30 years, the share of
biomass in the total primary energy consumption has averaged less than 3.5% (EIA,
2010a). The US federal government passed the Energy Independence and Security Act
(2007) to increase the share of biomass in the total energy production. The law
specifically calls for US production of liquid transportation biofuels to increase to more
than 136 billion liters annually by 2022, with approximately 76 billion liters coming from
non-cornstarch feedstock. As US federal government continues emphasizing on utilizing
a variety of renewable energy resources (RES), it is expected that the share of biomass in
total primary energy consumption will increase. Additionally, a number of policies and
1

incentives at the Federal and State level are expected to increase generation of electricity
from renewable resources, such as by using biomass for co-firing. Policies at the Federal
level - the renewable energy production tax credit (PTC) - provide an income tax credit
of 2.2 cents/kilowatt-hour. The Annual Energy Outlook (EIA 2013) projects that,
electricity production from biomass will increase from 37.26 billion kilowatt-hours in
2011 to 131.89 billion kilowatt-hours in 2040 (see Figure 1.1).
Supplying biomass to the customer poses logistics challenges due to dispersed (as
shown in Figure 1.2, bulky, heterogeneous, unstable nature and poor flowbaility of
biomass. Logistics challenges associated with biomass occurs due to several reasons.
First, biomass supply and corresponding logistics costs vary substantially from region to
region. Supply of biomass is impacted by weather, crop disease, moisture content,
feedstock type as well as transportation load limits on highways. Second, the dispersed,
bulky, heterogeneous, unstable nature and poor flowbaility of biomass impede the
efficiency and cost of the supply system. Third, conventional bale feedstock supply
system (Figure 1.3) uses a variety of equipment. For example, conventional bale
feedstock supply system changes the biomass format at least three times. Each time,
biomass handling and processing requires unique equipment which cannot be
interchanged.
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Projection of renewable electricity generation by biomass

Supplying biomass to the customer poses logistics challenges due to dispersed (as
shown in (Figure 1.2) bulky, heterogeneous, unstable nature and the poor flowbaility of
biomass. Logistics challenge associated with biomass occurs due to several reasons. First,
biomass supply and corresponding logistics costs vary substantially from region to
region. Supply of biomass is impacted by weather, crop disease, moisture content,
feedstock type as well as transportation load limits on highways. Second, the dispersed,
bulky, heterogeneous, unstable nature and poor flowbaility of biomass impede the
efficiency and cost of the supply system. Third, the conventional bale feedstock supply
system (Figure 1.3) uses a variety of equipment. For example, conventional bale
feedstock supply system changes the biomass format at least three times. Each time,
biomass handling and processing requires unique equipment which cannot be
interchanged.
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Figure 1.2

Biomass sources in the USA

Figure 1.3

Conventional biomass supply chain

Figure 1.4

Single format biomass supply system preprocessed at early stage of supply
chain
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Thus, conventional supply system needs to overcome these logistics challenges.
Proposed commodity-based (Hess et al., 2009) densified biomass eliminates diversity of
biomass format by a single format feedstock supply system (Figure 1.4) by preprocessing
at the early stage of the supply system. Preprocessing is done at the source of biomass
supply. One advantage of densifying biomass is a reduction in transportation and
handling cost. As densified biomass (Figure 1.5) has higher bulk density, better material
stability and flowability, it is expected that a high-capacity transportation mode such as
railway could be used to ship biomass over long distance.

Figure 1.5

Typical densified biomass format

Over the years, rails are playing a significant role by providing efficient and costeffective freight services for the transportation of bulk products and goods. Rail
transportation such as unit train requires a bulk amount of densified biomass shipments.
Many individual densified biomass sources such as counties do not generate sufficient
biomass volume to fill a unit train. In this case, densified biomasses from multiple
preprocessing locations need to be consolidated to a location having rail access to
generate sufficient volume to fill a unit train. These locations serve as hubs providing a
5

consolidation function that allows densified biomass flows to be aggregated. Moreover,
due to the dispersed sources of the biomass, there are some biomass sources which are
not covered by existing rail network. To get biomass supply from those sources one must
find appropriate locations that have rail access as well as can serve as hub. Hence a huband-spoke supply chain structure is needed that can identify appropriate hub location as
well as can capture the characteristics of the rail transportation and biomass supply
source. Therefore this dissertation proposes hub- and- spoke model where flow from
biomass sources are typically routed through hubs before its reaching to final destination.
We propose hub- and- spoke model for two cases: 1) designing a biomass supply chain to
deliver densified biomass to a coal fired power plant for co-firing and 2) designing
densified biomass-to-biorefinery supply chain to identify the number, capacity and
location of biorefineries needed to make use of the biomass available in the region.
This dissertation is divided into three sections. The contribution of each section is
mentioned at the chapter corresponding to each section. In the first section (CHAPTER
II) we propose a Mixed Integer Linear Programming (MILP) model to design a biomass
feedstock supply chain to deliver densified biomass to a coal fired power plant for cofiring. This MILP model identifies hub locations, the optimum number of unit trains to
use, the optimal flow of biomass from collection sites to the hub, and the optimal flow of
biomass from a hub to a coal plant. We devise a solution approach based on Benders’
decomposition. The goal of this analysis is to identify the amount of coal that can be
displaced efficiently in the USA using biomass, and estimate the corresponding costs.
In the second section (CHAPTER III), we address biomass-to-biorefinery supply
chain using rail for long-haul, and high-volume shipment of densified biomass under
6

economic, environmental, and social criteria. This biomass-to-biorefinery supply chain is
formulated as MILP. In addition to identifying hub location, the MILP identify the
number, capacity and location of biorefineries needed to make use of the biomass
available in the region. The multi objective framework establishes the tradeoff among the
economic, environmental and social performance. The analysis captures the multiple
fixed charge cost characteristics of rail transportation.
In the third section (CHAPTER IV) this dissertation has analyzed the rail
transportation cost of those products that have similar physical characteristics, loading,
unloading, and transportation activities for densified biomass and biofuels to evaluate and
estimate the rail transportation costs for densified biomass and biofuels. We have used
the rail waybill data sets for 2009 and 2011, acquired from the Department of
Transportation’s Surface Transportation Board, to identify important cost factors that
impact major Class 1 rail road movements and to quantify the impact of these factors. As
we have used rail waybill 2011 as an input data, the analysis has captured the latest rail
transportation costs and rate trends in the US. Regression equations are developed to
quantify the variable cost of rail transportation as a function of Railway Company, car
type, shipment size, rail movement type and commodity. Finally, some important
observations are listed which capture the characteristics of current rail transportation
costs in the United States.
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CHAPTER II
A HUB-AND-SPOKE SUPPLY CHAIN DESIGN FOR BIOMASS CO-FIRE IN
COAL-FIRED POWER PLANTS

2.1

Introduction
Co-firing biomass with coal is an attractive energy generating option for several

reasons. First, co-firing increases renewable energy production without major capital
investments. For example, biomass is typically used for production of cellulosic biofuels.
However, investment and processing costs necessary for production of cellulosic biofuel
are very high (Wallace et al. 2005). Biomass co-firing uses the existing coal-fired power
plant infrastructure. This results in savings on investments in the infrastructure which is
necessary to supply biomass. Second, co-firing is a low-risk option for production of
renewable energy since the risk associated with major capital investments and uncertain
raw material supplies is much smaller as compared to other alternative uses of biomass.
Third, co-firing results in reduced emissions of oxides of sulfur (SO2), nitrogen (NO2)
and fossil carbon dioxide (CO2) per unit of energy produced as compared to using coal
only. Coal combustion contributes significantly to air pollution through emission of SO2,
and NO2, which lead to acid rain and ozone depletion. On the other side, woody biomass
contains virtually no sulfur. Biomass absorbs CO2 during growth, and emits it during
combustion, thus, biomass has a zero net greenhouse effect (Demirbas 2003). Fourth, cofiring minimizes waste (such as, wood waste, agricultural waste) and the environmental
8

problem associated with its disposal. Finally, co-firing is a near term market for biomass.
It is expected that biomass will be used to produce electricity in the near future for a
number of reasons. Coal plants can handle co-firing of biomass in amounts equivalent to
displace 10% of their capacity without having to replace existing boilers. This fact and
the numerous policies and incentives at the Federal and State level are expected to
increase generation of electricity from renewable resources, such as biomass. Policies at
the Federal level such as the renewable energy production tax credit (PTC) provide an
income tax credit of 2.2 cents/kilowatt-hour. At the State level policies such as the
California’s renewable portfolio standards (RPS) “requires investor-owned utilities,
electric service providers, and community choice aggregators to increase procurement
from eligible renewable energy resources to 33% of total procurement by 2020.” As of
January 2012, 30 States and the District of Columbia have enforceable RPS or other
mandated renewable capacity policies (EIA, 2013).
A number of studies support co-firing of biomass. For example, Baxter (2005)
shows that biomass-coal co-combustion at 25% biomass is a low-risk, low-cost,
sustainable, renewable energy option that reduces greenhouse gas (GHG) emissions.
Goerndt et al. (2012) estimate that co-firing, using the physically available woody
biomass, could replace 11% of the electricity generated in northern USA. Heller et al.
(2004) estimate that co-firing at 5% and 15% levels reduces CO2 emissions by 5.4% and
18.2% respectively. Tillman (2000) demonstrates that a moderate coal-biomass co-firing
ratio can mitigate the risks associated with slagging and fouling of the combustor.
Tillman (2000) and NETBIOCOF (2006) show that the impact of low levels of biomass
co-firing on conversion efficiency is modest. The Annual Energy Outlook (EIA 2013)
9

projects that, electricity production from using biomass will increase from 37.26 billion
kilowatt-hours in 2011 to 131.89 billion kilowatt-hours in 2040 (see Figure 1.1). Hansson
et al. (2009) argues that biomass co-firing will become a major contributor to meeting the
renewable energy production goals of European Union. In summary, generating
electricity from biomass co-firing has potential.
Although co-firing of biomass is a cost-efficient option for production of
renewable energy, it does not eliminate the logistics and transportation costs associated
with supplying biomass to a coal plant. Transportation and logistics costs of biomass
supply are high due to the physical characteristics of biomass. Biomass has low density
and poor flowability properties; it is bulky, heterogeneous, and unstable by nature. In
addition, biomass suppliers are typically small or medium sized farms, which are widely
dispersed geographically. For these reasons, processes such as loading, unloading and
transportation of biomass are challenging and expensive.
Biomass has been identified as a source of renewable energy which will
contribute to achieving the goals set by the Energy Independence and Security Act of
2007. As stated in the Renewable Fuel Standard (RFS) program, the minimum level of
renewable fuels used in the US transportation industry is expected to increase from 9.0
billion gallons per year (bgy) in 2008 to 36 bgy in 2022 (EPA 2012). The production of
renewable energy comes with challenges, one of which, as in the case of co-firing, is
managing biomass supply. In response to these challenges, researchers are looking into
minimizing biomass supply costs by improving biomass supply chain and logistics
related activities.

10

The goal of this chapter is to identify the amount of coal that can be displaced
efficiently in the USA using biomass, and estimate the corresponding costs. For this
purpose a framework that integrates two supply chain design models. One of the designs
allows a coal plant to receive biomass shipments from suppliers located nearby, i.e.
within 50 to 75 miles. This model is consistent with that used to supply corn to ethanol
production plants. The second design allows coal plants to receive shipments from
suppliers located nearby using trucks, and suppliers located further away using rail. Such
a model will enable the delivery of high volume of biomass. This model is consistent
with the biomass delivery system proposed by the Idaho National Laboratory (INL) (Hess
et al. 2009). This system relies on densifying biomass at local preprocessing facilities.
Densified biomass refers to biomass that has undergone preprocessing to increase the
bulk density of the material. Although densification can result in either a liquid or solid
material, in this chapter we will assume that the densified product is a bulk solid, such as
a pellet, briquette, etc. Densifying transforms biomass into a stable, dense, and flowable
commodity, which is easier to load, unload and transport. Densified biomass is delivered
by trucks to a centrally located depot - a consolidation point - from where high-volume
shipments are delivered to biorefineries. Depending on the distance traveled, rail or
trucks can be used to deliver densified biomass to a biorefinery (Hess et al. 2009). We
use an extension of the hub-and-spoke network design problem (Aykin, 1995) to model
this biomass supply system.
The hub-and-spoke biomass supply system relies on using the existing highcapacity infrastructure that is in place for transport of products that have similar physical
properties to densified biomass, such as, grain and wood chips. In-bound shipments of
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biomass from nearby suppliers rely on truck transportation. Suppliers located further
away use unit train shipments. Rail transportation has been used extensively for
movement of bulk products. Railway companies are privately-owned businesses.
Therefore, one of the challenges faced when testing our models was lack of publicly
available data about costs and transportation capacity. Some Class I Railways make online tariffs available charged per railcar on a unit trains and single car shipments for
different origin-destination pairs. We use this data in order to approximate rail
transportation cost functions. We acknowledge that these are not final prices charged by
railways for their services as final prices are subject to negotiations. However, this data
gives insights about the main factors that impact the tariffs charged. The data about the
availability of densified biomass is provided by INL.
The hub-and-spoke network design model was inspired by the practices in the
grain industry. Other companies, such as, railways, airlines, mail carriers,
telecommunication, etc. have used the same concept to design their distribution networks.
For example, Delta Airline hubs are located in large and strategically located cities, such
as, Memphis, Sal Lake City, Atlanta, etc. Large capacity airplanes fly between hubs.
Smaller airplanes are used to fly passengers from/to smaller airports to/from one of the
hubs. Hubs are typically used by companies which deal with in-bound or out-bound
distribution networks that are large and geographically dispersed. Hubs serve as
transshipment points where shipments are consolidated and disseminated, and
transportation modes are changed. Shipment consolidations result in economies of scale
in transportation and as a consequence decrease transportation costs. In the hub-andspoke model proposed, the first hub is a depot, and the second hub is a coal plant.
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Typically, a coal plant has rail access since coal is a bulk commodity that is mainly
delivered using rail. We consider that unit trains are used for high-volume shipments
between hubs. We use this model in order to: (a) estimate the cost of delivering densified
biomass to a coal plant; (b) get insights about the cost-savings which result from using
unit-trains versus using truck of single railcar for high volume shipments of biomass; (c)
estimate how much biomass can be shipped to existing coal plants in a cost-efficient
manner.
An important factor that impacts costs and service level of rail transportation is
the available railway capacity. During the last 10 years, railway traffic in North America
has increased by 30%. It is estimated that the railway traffic in 2035 will increase by 88%
as compared to 2007 (AASHTO, 2007). Thus, biomass would have to compete with other
products for railway services. Railway capacity is limited, mainly due to the high
investment costs required to build and maintain rail lines. Railroads are privately owned
businesses (as opposed to, for example, the highways which are constructed and
maintained by the government), and therefore, are reluctant to making capital
investments in anticipation of future demand for their services. However, it is expected
that if demand for rail services increases, railways will make infrastructure investments in
order to grow and maintain the business.
In summary, the contribution of this chapter is twofold. First, we evaluate the
feasibility of using biomass for co-fire in coal-based power plants. We estimate the
amount of coal displaced due to co-firing and estimate corresponding costs. We use reallife data about biomass availability, and transportation costs. Second, we develop a huband-spoke distribution network which aims to optimizing the delivery cost of biomass.
13

The mathematical model proposed captures a number of characteristics which are
particular to this product. For example, the transportation cost function is a step-wide cost
function which captures the distance related costs, order setup cost, and loading
unloading cost for each train.
2.2

Relevant Literature:
The models we propose are in line with the research on biomass supply chain and

logistics management. We group the existing literature into deterministic and stochastic
research to reflect the mathematical modeling approach used. We also group the literature
into local (company-based) and regional modeling of biomass supply chain in order to
reflect the scope of this research. The deterministic research on biomass supply chains
uses extensions of the facility location model in order to identify biorefinery sittings
(such as Ekşioğlu et al. 2009; Parker et al.2010; Bai et. al, 2011; Kim et al. 2011;
Papapostolou et al. 2011). When these deterministic models are used at the regional level,
they determine the number, capacity and location of the facilities in order to make use of
the available biomass while minimizing total supply chain costs. The stochastic research
on biomass supply chains uses extensions of the two-stage, location-transportation
stochastic programming model in order to identify biorefinery sittings (such as, Cundiff
et al. 1997, Huang et al 2010, Kim et al. 2011, Chen and Fan 2012, Gebreslassie et al.
2012). These models are more realistic as they take into account uncertainties related to
biomass supply, demand and pricing.
Most of the literature on biomass supply chain considers the use of truck
transportation for biomass shipments. This is mainly motivated by the design of
traditional biomass supply chain which locates biorefineries within 50-miles radius of
14

biomass supply. Such an in-bound supply chain design reduces transportation costs.
However, production capacity of a traditional biorefinery is small due to the limited
amount of biomass available, and no economies of scale in production could be achieved.
Some studies, such as Mahmudi and Flynn (2006) investigate biomass transportation by
rail. Other studies, such as the one by Ekşioğlu et al. (2011), investigate the idea of
locating a biorefinery nearby an intermodal facility. Such a sitting of a biorefinery would
facilitate the long-haul and high-volume biomass transportation and could improve the
performance of the biomass supply chain. The improvements would be due to the
economies of scale in production that would result by increasing biorfinery capacity, and
due to using cost-efficient modes of transportation such as barge and rail. While the work
presented in this chapter was inspired by the work of Ekşioğlu et al. (2011), it extends the
research by increasing the scope of the application to include the whole USA, exploring a
different use for biomass, and using a hub-and-spoke network design model.
The mathematical model presented in this chapter is an extension of the hub-andspoke network design problem. The hub-and-spoke design problem is conventionally
called hub location problem. Hub location model identifies the location hub nodes, and
then, allocates non-hub nodes to hubs (Campbell, 2012). A number of extensions of the
hub location problem are found in the literature. These extensions are a reflection of
issues that arise when managing this supply chain, such as, non-linear economies of
scale, traffic management, transportation mode selection, and congestion. For an
extensive review see Alumur and Kara (2008), Tunc et al. (2011).
The hub-and-spoke network design model was inspired by needs in the airline
industry (Aykin, 1995). Other industries, such as, transportation, telecommunication,
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have made use of these models to design their distribution networks. The literature has
studied the single hub (SH) and the multiple hubs (MH) location problem. In a SH huband-spoke design model, the routing of the flow to/from a non-hub node is done through
the hub. In a MH hub-and-spoke setting, the routing of the flow to/from a non-hub node
is done through multiple hubs. Thus, flow initiated from a non-hub node traverses a
number of hubs before reaching its final destination. Mixed integer programs (MIP) are
used to model the problem to represent the fixed hub location costs, and nodes-to-hub
allocations (Skorin-Kapov et al., 1996; Campbell, 2012). Due to computational
challenges faced when solving these large sized MIP models, a number of different
heuristic approaches have been design to solve the problems. For example, Chen (2007)
developed a hybrid Simulated Annealing heuristics, Silva and Cunga (2009) developed a
number of Tabu Search heuristics, Cunha and Silva (2007) developed a hybrid Genetic
Algorithm and Simulated Annealing-based heuristics, Camargo et al. (2008) present a
Benders Decomposition-based solution approach and Labbe and Yaman (2004) use a
Lagrangean Relaxation-based approach. The model proposed by Uster and Agrahari
(2011) is closely related to the model described below. The major difference between the
two is the fact that our model does not identify deconsolidation centers of the hub-andspoke network
This work contributes to the existing literature related to the hub-and-spoke
supply chain network and biomass supply chains. We are not aware of hub-and-spoke
supply chain models for in-bound biomass supply chains. The model we propose is
inspired by current practices with corn and other products which have similar
characteristics to biomass. Thus, the results of our analysis are realistic and insightful.
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Additionally, we extend these models by integrating a step-wide cost function in the
objective in order to better represent the characteristics of transportation costs. These
functions capture the distance related costs, order setup cost, and loading unloading cost
for each train.
2.3
2.3.1

Model Formulation and Solution
The Hub-and-Spoke Supply Chain Design
Figure 2.1 presents the hub-and-spoke model for a supply chain consisting of four

local preprocessing facilities, two depots, and three coal plants. The depots represent the
first hubs and the coal plants represent the second hubs in this supply chain. The
preprocessing facilities send truck shipments of densified biomass to a depot where
shipments are consolidated. Depots are located along a rail spur in order to allow for
railway shipments of biomass to a coal plant. Coal plants typically have railways access
since rail is the main transportation mode for coal. Depending on the distance, densified
biomass can be shipped to a coal plant using truck or rail. Direct truck transportation of
biomass is a feasible option when the amount of biomass available is less than the
capacity of a unit train.
Densified biomass is a bulk solid product which has physical properties similar to
grains. Thus, loading, unloading and transportation activities for biomass will be very
similar to grains. For this reason, the structure of truck and rail transportation cost
functions used in the mathematical model was inspired by practices with grain
transportation. The proposed hub-and-spoke supply chain model relies in using unit trains
for high-volume and long-distance shipments of biomass between hubs. Trucks deliver
densified biomass from preprocessing facilities (spokes) to a depot (consolidation hub).
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Unit trains are often used to ship bulk products, such as, grains, coal, and other minerals.
Using a unit train is cost efficient. Railway companies offer lower tariffs for aggregate
shipments, since, aggregated shipments improve the productivity of rail lines by
increasing equipment utilization, reducing the number of railcar switching in freight
yards, lowering the in-transit time, and lowering inventory-carrying costs. However, a
unit train cannot be loaded and unloaded at every rail ramp, and certain infrastructure
requirements should be met to operate them.

.
Figure 2.1

2.3.2

Hub-and-spoke based supply chain network structure for biomass co-firing
with coal

The Mathematical Model:
We model this supply chain design and management problem using a mixed

integer linear program (MILP). This model identifies locations for hubs, and estimates
the total of location and transportation costs in the supply chain. Let
supply chain network, where,

,

denote the

represents the set of nodes and A represents the set of
18

arcs. Set N consists of subset P which represents the set of preprocessing facilities, subset
D which represents the set of depots, and subset C which represents the set of coal plants.
Set A consists of subset T which represents the set of arcs that connect preprocessing
facilities to depots, subset R which represents the set of arcs that connect depots to coal
plants, and subset S which represents the set of arcs that connect preprocessing facilities
to coal plants. The cost along arcs in T is linear, and there are no upper bounds on the
amount shipped using these arcs. The selection of such a function type reflects the
practice. Low-volume and short-distance transportation of biomass is done by trucks.
Typically, a fixed price α per mile and per ton is charged. Thus, the distance traveled
along arc (i, j),

, is considered when calculating

α∗

, which represents costs

per ton along (i, j)  T. Arcs in S represent direct truck shipments to coal plants. This is
typically the case when transportation distance is relatively short, or the volume is low to
justify using a unit rail. The transportation cost along these arcs is calculated in a similar
fashion as for arcs in T. There are no upper bounds on these arcs. Let,
variable which represents the flow (in tons) along arc ,

be the decision

∈ . The transportation cost

structure of arcs in R is a multiple-setup fixed charge type, which is described using
equation (1):

0

0
0

ψ
2∗ψ
n∗ψ

2∗
⋮

1 ∗
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(2.1)
∗

In this function,

reflects a fixed cost for loading/unloading a unit train. The

charged per ton shipped and it depends on the distance traveled along

variable cost (

arc (i, j). This is a piecewise linear cost function. In order to incorporate this function
within the objective function of the MILP model presented below, we introduce the
integer variables

. These variables represent the number of unit trains moving from

depot i to coal plant j. Then,
∑

∑

, ∈

, ∈

ψ Z
∑

,

,

∈ . As a result, TC =

. We also add the following

, ∈

0 to the constrain set of MILP to represent the relationship between
and

.
The hub location costs are the investment costs necessary to build the

infrastructure in support of loading/unloading unit trains at a depot. Let
∈

variable which takes the value 1 when node
0 otherwise. Let
costs are LC = ∑ ∈

be a binary

is used as a depot, and takes the value

be the fixed investment cost at node

∈

. Thus, total hub location

. Table 2.1 summarizes the definitions of sets, parameters and

decision variables used in this chapter.
The objective function minimizes the total of transportation, hub location costs,
and penalty costs necessary to meet demand. The penalty costs occur when the needs for
raw material at a coal plant are not satisfied using biomass, but coal instead. Such a
penalty serves in fact as a threshold price for delivering biomass. If the delivery price for
biomass is higher than this threshold, then other sources will be used to meet supply
requirements.
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Table 2.1

Summary of Sets, Problem Parameters and Decision Variables
N
P
D
C
A
T
R
S

TC
LC

i

si
vij
uj

Π

Set Definitions
set of nodes in supply chain network G(N, A)
set of preprocessing facilities
set of depots
set of coal plants
set of arcs in G(N, A)
set of arcs that connect preprocessing facilities to depots
set of arcs that connect depots to coal plants
set of arcs that connect preprocessing facilities to coal plants
Problem Parameters
total transportation costs in this supply chain
total hub location costs
represents the penalty cost at coal plant i ∈
represents the supply of biomass at a pre-processing facility i ∈
represents the maximum capacity of a unit train along arc , ∈
represents the storage capacity of depot ∈ j
fixed investment cost at node ∈
fixed cost for loading/unloading a unit train (i, j) ∈
unit cost charged per ton shipped along (i, j) ∈
distance of (i, j) ∈
Decision Variables
flow along arc , ∈
number of unit trains moving from depot i to coal plant j
a binary variable which takes the value 1 if ∈ is used as a depot, and 0 O/W
demand shortage at coal plant i ∈

The following is the MILP formulation of the problem:
:

, ∈

, ∈

, ∈

Π

∈

∈

∀ ∈

(2.2)

0 ∀ ∈

(2.3)

∀ ∈

(2.4)

.
∈ ⋃

∈

∈

Π
∈ ⋃
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0

∀ ,
0

∈

(2.5)

∀ ∈

(2.6)

∈

(2.7)

∈

∈
Π ∈

,

∀ ,
,

∈ 0,1 ,
∈

∀ ∈

(2.8)

∀ ∈

(2.9)

∀ ,

∈

(2.10)

Constraints (2.2) indicate that the amount of biomass shipped from a
preprocessing facility is limited by its availability. Constraints (2.3) are the flow balance
constraints at a depot. Constraints (2.4) indicate that raw material requirements at a coal
plant are satisfied either by using biomass shipments or by using other products (such as,
coal). Constraints (2.5) set an upper limit on the amount of biomass shipped using unit
trains. Constraints (2.6) set a limit on the storage capacity of a depot. Constraints (2.5)
and (2.6) also link our continuous and integer/binary variables. Constraints (2.7) and
(2.8) are the non-negativity constraints. Constraints (2.9) are binary constraints.
Constraints (2.10) are the integrity constraints.
2.3.3
2.3.3.1

The Solution Approach
Bender’s decomposition
The MILP model presented above is an extension of the fixed charge,

uncapacitated network design model which is known to be an NP-hard problem
(Magnanti and Wong, 1981). For this reason, the commercial software ILOG CPLEX
12.3 ran out of memory when trying to solve large instances of the problem.
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We develop a Benders Decomposition-based heuristics to solve the problem
(Benders, 1962). Examples of successful applications of benders decomposition to solve
MILP problems are abundant. Read Costa (2005) for an extensive survey on the use of
benders decomposition to solve supply chain network design problems. Benders
decomposition has also been successfully used in solving hub-and-spoke network design
problems (Camargo et al., 2008; Gelareh and Nickel, 2008; Camargo et al.,
2009a;Camargo et al., 2009b; Contreras et al., 2011a; Contreras et al., 2011b; Contreras
et al., 2012).
Since benders decomposition method is widely used in the literature to solve
challenging MILP problems, we shortly describe in here how we implemented this
method to solve the MILP model stated above. This method decomposes the MILP model
into a master problem and a sub-problem. The master problem and the sub-problem are
solved iteratively until a quality solution is found. The following is the formulation of the
sub- problem (BSP).
:

, ∈

, ∈



, ∈

.

∈

2.2 , 2.3 , 2.4 , 2.7 ,
̅

0

∀ ,

2.8
∈

(2.11)

The BSP is a capacitated network flow model which identifies the optimal flow
on the network (

) for fixed values of ̅ . This problem is relatively easy to solve as all

its variables are continuous. Note that, when we solve BSP, we always find a feasible
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solution despite of the values of ̅ . This is due to constraints (2.4) which allow demand
to be satisfied either through the flow of biomass along the hub-and-spoke network, or
using substitute products available in the market. Thus, even in the case when the values
of ̅ are zero - which indicates that the hub-and-spoke network does not exist - the
needs of a coal plant are met through substitute products available in the market, such as,
coal. The following is the formulation of the master problem (BMP).
M

:

, ∈

∈

. . 6 , 9 ,

10

Α
∈

Υ
∈

, , ,Υ ∈

(

∆

, ∈

(2.12)

The BMP is a difficult problem, since it is a MILP which consists of the integer
variables

, binary variables

, and an auxiliary continuous variable

which relates

BMP with the sub-problem. Since BSP is always feasible, there is no need to add a
feasibility constraint to BMP. Constraint (2.12) is referred to in the literature as the
optimality constraint. In constraint (2.12),

∆

is the set of real-valued vectors representing

the extreme points ∆; ∆ is the feasible region of the dual of BSP, and

, , , Υ are the

corresponding dual variables of BSP (constraints (2.2)-(2.5)).
Figure 2.2 presents the benders decomposition algorithm we develop. In an
iteration of the solution procedure, we solve the master problem BMP to determine a
lower bound (LB) of the MILP problem. Then, we solve the sub-problem BSP and use
the objective function of BSP and BMP to calculate an upper bound (UB). The bounds
are updated until the stopping criterion is met.
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2.3.3.2

Accelerating the algorithm
It is a well-known fact that, the quality of the initial solution of the BMP has a

major impact on the number of iterations that it takes to solve a problem using benders
decomposition (see, Geoffrion and Graves, 1974, Cordeau et al. 2000). Therefore, we
devise a simple heuristic to identify an initial solution to BMP. We find such a solution
by allowing ILOG CPLEX to solve the MILP problem, and stop the algorithm when an
initial feasible solution is found. Based on our computational experience, ILOG CPLEX
finds an initial solution to MILP in a short amount of time. Experimentations with our
problem indicate that, starting the algorithm with an initial BMP solution generates tight
initial optimality cuts (constraint (2.12)) and consequently better quality solutions.
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1: Step 1: Set

∞;

0,

0, gap

∞

2: Step 2: Find an initial solution to BMP
3: Step 3: While (gap

Do
1;

4:
5:
6:

If (
End If
Set
Set ̅

0) Then Solve BMP
Obj. value of BMP
;
Then

7:

If

8:

End if
Solve BSP to obtain
.

9:

Figure 2.2

, , , Υ, Ω
.
Then

10:

If

11:

End if
Calculate:

12:

Add optimality cut to BMP

13:

End of while

14: Step 4

Report ,

/

, , UB and LB

Benders decomposition-based heuristic

Classical implementation of Benders method does not give the best convergence
results due to large gap between the lower bound obtained from the master problem and
the upper bound obtained from the dual of the sup problem. A series of valid inequalities
can be added to the master problem order to improve the convergence of the algorithm.
Adding these valid Inequalities restrict the master problem solution space giving rise to a
decrease of the total number of algorithm’s iterations. One way to develop a series of
valid inequalities is observing the relation among the variables in the master problem. We
have two sets of integer decision variable in master problem
generate first set of valid inequalities by establishing link between
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. We can
. Firs set

valid inequality (2.13) ensure that total outgoing flow from a hub using unit train does not
exceed the total incoming flow at a hub. Second set of valid inequalities (2.14) impose a
limit on the maximum number of inbounding unit train at a coal plant.
∀
∈

(2.13)

∈

∈

/

∀ ,

(2.14)

∈

It has been observed that obtaining strong Benders’ cuts in an iteration improves
the approach significantly (Magnanti and Wong, 1981 and Wentges, 1996).Recall that,
for a given iteration, the dual SP usually may have alternative optimal solutions, since it
is usually degenerated. Hence, in order to have strong cuts, the solution of the dual SP
has to be judiciously done at each iteration, because if the values of the dual variables are
not carefully chosen, then it can increase the number of iteration. Then, due to the
existence of multiple solutions in DBSP, a solution to DBSP should be determined so that
it provides a strong Benders cut. In literature this type of cut is also known as Pareto
Optimality cut. Generating Pareto Optimality Cut is described in Magnanti and Wong,
1981; Contreras et al., 2011; and Contreras,et A.,2012. Motivated by Üster and Agrahari
(2011) we solve the DBSP in two phases in order to choose the optimal solution that
generate Pareto Optimality cut. The procedure is described bellows:
In phase 1 we restricted DBSP by setting ̅
optimal dual variable
formulation when ̅

1 and restricted DBSP to obtain

associated with ̅ Note that due to revised master problem
1 then

1. Let Ω be the set links where ̅

.Then we can determine optimum ̅ ,

,

where ∈ , ∈ ,

solving following linear program
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∈ ,

1
,

,
∈ Ω by

∈

Max

(2.15)
̅

∈

∈

, ∈

∀ ∈ , ∈Ω
∀ ,

(2.16)

∈Ω

(2.17)

∀∈Ω

(2.18)

,

(2.19)
,

In phase 2 we fix ̅ ,

, and

0

(2.20)

. Then we determine

,

,

∈ \Ω by

solving following linear program
Max
, ∈

∀ ,

∈ \Ω

0
In phase 2

is computed as follows
max

,0

∀ ,

∈ \Ω

Employing the above specific approach – reduced DBSP in Phase1, followed by the
efficient solution approach (i.e., not relying on an LP solver) for Phase 2, we can obtain
dual values
2.4
2.4.1

, , , Υ to generate strong Benders cuts.

Data Collection and Analysis:
Biomass supply:
Biomass availability data by state and county was extracted from the Knowledge

Discovery Framework (KDF) database, an outcome of the US Billion Ton Study led by
the Oak Ridge National Laboratory. This data was further processed by INL to identify
potential locations for depots and the corresponding amount of densified biomass
28

available. The total amount of densified biomass available is 193 million tons (MT). The
majority of biomass resources are located in the Midwest and Southeast of the US.
2.4.2

Coal
The data about coal-fired power plant locations and capacities is collected from

the National Energy Technology Laboratory, (2005). This study only considers power
plants with capacity larger than 1 megawatt (MW). This resulted in a total of 632 coalfired power plants across the country, with an overall production capacity of about
380,000 MW.
We consider that densified biomass will be used in existing coal-fired power plant
to displace at most 10% of the coal used for electricity, which translates to 38,000 MW of
electricity annually. A study by Ciolkosz (2010) notes that 245,000 tons of biomass are
needed in order to displace 5% of the coal used in a 1,000 MW power plant. Therefore, it
would take 490 tons of biomass to displace 10% of the coal used in a 1 MW of
electricity. In 2011, 1,730.28 billion kilowatt-hours of electricity were generated using
coal. At the national level, in order to displace 10% of the coal used, a total of 101 MT
tons of biomass are required.
2.4.3

Rail network data
The data about the US railway network structure was provided by Oak Ridge

National Lab (2009). The database consists of 80,486 rail links, and 36,393 unique origin
and destination nodes. Of the 36,393 nodes, only 20,686 are rail stations. A rail station
could be a rail ramp, a grain elevator or a coal plant where a train makes a stop. The data
set provides the following information for each rail link: origin, destination, length,
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ownership, terrain, number of main line tracks, main track authority (signal system),
interval of passing sidings, speed limit, federal information processing standard state
code (FIPS), and standard point location code (SPLC). Clarke (1995) developed a method
which uses information about the terrain; number of main line tracks; signal system; and
interval of passing sidings in order to estimate the capacity of each rail link. We used this
method to calculate link capacities. Figure 2.3 presents the distribution of the coal plants,
preprocessing facilities and rail links. This figure summarizes all the input data that is
used in the analysis.

Figure 2.3

2.4.4

Input data

Transportation Cost:
This section presents the data sources we have utilized in order to estimate

transportation costs for densified biomass. We describe the methods used in order to
estimate unit truck and rail transportation costs ($/ton), and hub-related costs. Note that,
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we have collected this data from articles which were not published the same year.
Therefore, we adjusted the data for inflation so that, all the costs are in 2012 dollars.
2.4.4.1

Truck
In order to estimate costs for truck transportation of biomass, we use the data

provided by Searcy et al. (2007). They provide two cost components which are the
distance variable cost (DVC) and distance fixed cost (DFC). The distance variable cost
includes the cost fuel and labor. The distance fixed cost includes the cost of loading and
unloading a truck. These costs were provided for different types of biomass, such as,
woodchips, straw and stover. We used the data provided for woodchips since the physical
properties of densified biomass are similar to woodchips. The DVC of woodchips is
estimated $0.112/(tons*mile) and DFC is estimated $3.01/(tons). Woodchips are shipped
using truck with a capacity of 40 tons. This data is used as follows in order to calculate cij
(in $/ton) for (i,j)  T  S:
2.4.4.2

∗

.

Unit train cost:
The majority of freight transportation in the US is handled by four Classes I

railway companies, namely Norfolk Southern (NS), CSXT Corporation, Burlington
Northern Santa Fe Corporation (BNSF) and Union Pacific Railroad Company (UP)
(CBO, 2006). Of these, NS and CSXT Corporation serve eastern USA, whereas BNSF
and UP serve western USA. Companies such as CSXT and BNSF have made available
on their website data about the rates and tariffs charged for shipments of different
products. These rates are provided for different origins and destinations. The rates
charged are a function of the distance between shipment origin and destination, product
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shipped, railcar capacity and ownership, rail line ownership, and quantity shipped
(Gonzales et al., 2012). The rates charged per rail car depend on the quantity shipped.
That means, the rate charged per rail car is smaller if the amount shipped from an origin
to a destination is large enough to send a unit train. Railway companies offer lower tariffs
for aggregate shipments since aggregate shipments improve the productivity of rail lines
and increase equipment utilization, reduce the number of railcar switching in freight
yards, and lower the in-transit time and inventory-carrying costs (CBO, 2006).
The size of a unit train is different for BNSF and CSX. For example, BNSF
restricts the length of a unit train for shipment of grain between 110 and 120 cars. CSXT
restricts the length of unit trains for shipment of grain between 65 and 90 cars. Since our
analysis relies on using unit trains between depots and coal plants, we use this
information in order to set the capacity of arcs (i,j)  R. We ensure that the capacity of a
unit train is a function of the company providing the service, that being, BNSF or CSXT.
Gonzales et al. (2012) perform a regression analysis of rail transportation costs
using the publicly available data. The regression analyses of CSXT data found that
geographical distance (rather than railway distance) and rail line ownership greatly
impact the rates charged per rail car on a unit train.

1,555

2.3

198

presents the regression equation which estimates the rate charged per rail car on a unit
train. These equation present the rate charged as a function of distance ( ) and rail line
ownership ( ). Independent variable

is a continuous variable, and

is an indicator

variable which takes the value 1 if local railways are used to deliver a shipment which
was initiated at a CSXT rail ramp. The adjusted R2 value for this regression is 69% and pvalues for the independent variables are less than 0.01%.
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2,706

Similarly, equation

.73

224

provided by Gonzales et al.

(2012) is used to estimate the rate charged by BNSF per rail car shipment of grain on a
unit train. The adjusted R2 value for this regression is 55% and p-values for the
independent variables are less than 0.01%.Both equations provide the $ amount charged
for a rail car that carries 100 tons of grain. We use this data to calculate the unit and fixed
cost along arcs (i,j)  R. Since a unit train makes direct shipments from a depot to a coal
plant, we identify the shortest path from each origin to each destination on the rail
network. The value of cij for (i,j)  R represents the $ amount per ton shipped on this arc.
For example, if CSXT does not use local railway lines to ship using a unit train of 65 cars
along (i,j)  R, then
2.3 ∗

2.3 ∗

⁄100. If CSXT does use local railway lines then

198 ⁄100. The corresponding fixed charge cost of a unit train along

CSXT arcs is calculated as follows:

1,555 ∗ 65 ∗ 52/2. Recall that our objective

function calculates annual costs. We assume that a unit train is shipped every other week
from a depot. This gives a lower bound on the number of trains shipped from a depot. If
trains are shipped weekly along (i,j)  R, then the value of the corresponding
and the corresponding annul fixed transportation cost is 2 ∗

2,

1,555 ∗ 65 ∗ 52.

Similarly, if BNSF does not use local railway lines to ship a unit train along (i,j)
 R, then

0.73 ∗

⁄100. Otherwise,

corresponding fixed charge cost is

0.73 ∗

224 ⁄100. The

2,706 ∗ 110 ∗ 52/2. We use the same

transportation costs as BNSF for UP since both provide services in Western USA; and
use the same transportation costs as CSXT for NS since both provide services in Eastern
USA.
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2.4.5

Estimating hub cost:
Only a few rail ramps are equipped to handle the loading and unloading of a unit

train. In addition to equipment, there are certain infrastructural requirements necessary to
handle unit trains. The infrastructure necessary is typically built by rail customers, such
as, corn elevators, blenders, coal plants, or third-party logistics service providers.
The model presented above uses existing rail ramps to load unit trains in case that
such a facility exists. Otherwise, investments are required to build additional sidings.
These investments are what we consider as hub location costs. Table 2.2 summarizes the
typical costs which occur when building a railroad siding. We consider that one turnout
and additional tracks are required. Since the MILP model calculates the annual cost of the
supply chain, we us in the model the annual equivalent for these investments. We assume
the lifetime of such an investment is 30 years, and the discount factor is 10%.
Table 2.2

Costs related to railway sidings

Items
Costs
Track - rail and ties
$717.80/yard
Turnout - allows rail cars to switch tracks $110,000.00

2.5

Experimental Results
This section presents a summary of the results from our computational analysis.

We start with a discussion of the results from data analysis and preprocessing. Next, we
present the results from solving the MILP model, and discuss the results of the sensitivity
analysis.
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2.5.1

Data processing
Traditionally, corn-based refineries located within 50 miles radius of their supply.

This was due to the high transportation cost of biomass which made impractical for a
biorefinery to get biomass from farms located further away. A study by Mahmudi and
Flynn (2006) compares rail and truck transportation of other biomass types in North
America, such as, wood chips and straw. In this study, Mahmudi and Flynn (2006)
considered dedicated unit train movement of biomass. Rail transportation is typically
used for long distance, and high volume shipment of bulky products. The study indicates
that for straw, rail transportation is more economical than truck transportation when the
distance traveled is longer than 105 miles. For wood chips, rail transportation becomes
more economical when distance traveled is longer than 90 miles.
The findings in the literature clearly indicate that trucks will be used to ship
biomass for short distances. In our study we also consider that this will be the case for
movement of densified biomass. Thus, it is important to identify up to what distance
truck transportation is cheaper to use than rail. Next, identify which preprocessing
facilities would deliver biomass using trucks. The delivery of biomass from the
remaining preprocessing facilities could use the hub-and-spoke distribution network
presented above. We decided to preprocess the data in order to reduce the size of the
mathematical model used. The steps we took in the data preprocessing procedure are
inspired by what we know about this supply chain.
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2.5.1.1

Step I

The aim of this step is to identify which biomass preprocessing facilities cold use truck
shipment to deliver biomass to a coal plant. For this purpose we solved the following
transportation problem. Let biomass preprocessing facilities be the biomass shipments
origins, and the coal plants be the destinations. There is a supply of biomass at each
shipment origin equal to the amount of biomass available. There is a demand at each
shipment destination equal to the amount of biomass necessary to displace 10% of the
capacity of the corresponding coal plant. We solved this transportation problem eight
times. Each time, we added an arc between an origin and a destination if the
corresponding travel distance is within the bounds presented in the x-axis of Figure 2.4.
Solving the model identifies shipment quantities which minimize the total transportation
distance between origins and destinations.

Figure 2.4

Biomass availability as a function of the distance from a coal plant

Figure 2.4 summarizes the results from solving the transportation problem. We
used the solution to identify the distribution of biomass as a function of the distance to
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existing coal plants. The solution to these transportation problems indicate that, about
38% of the biomass available for production of biofuels (as identified by the US Billion
Ton Study) is within 50 miles from a coal plant. About 52% of the biomass available is
within 75 miles from a coal plant (38.11% plus 13.77%). This corresponds to about 100
MT of biomass. If used to produce electricity, this amount of biomass would generate
176 billion kilowatt-hours, which is higher than the 2040 predictions of Annual Energy
Outlook (EIA 2013) presented in Figure 1. If trucks are used to deliver densified biomass,
then transportation costs are on the average $6.8/ton. For transportation distances
between 50 and 75 miles, the unit transportation cost is on the average $13.3/ton. Using
the results of Figure 2.4, we assume that densified biomass will be shipped to a coal plant
using trucks if the farm is located within 75 miles. This is on-line with the practice
observed during shipment of wood chips. Since the physical characteristics of densified
biomass are similar, we believe that this assumption is sound.
2.5.1.2

Step II

The results from solving the transportation problem indicate that, of the 632 coal plants
which have a capacity larger than 1 MW, 402 plants would displace up to 10% of the
amount of coal used by biomass which is available within 75 miles. Thus, only the
remaining 230 plants are considered in the hub-and-spoke model, and are candidates for
unit rail shipments of biomass.
Only some of the 230 coal plants that can be served using rail have enough
capacity to require unit train shipments. Recall that the length of a unit train varies from
65 rail cars long for CSXT to 110 rail cars long for BNSF. Each rail car carries 100 tons
of biomass. If we consider that a unit train will be sent about every other week, then a
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minimum amount of 60*100*52/2 = 156,000 tons should be delivered annually to a coal
plant. Of the 230, only 142 coal plants could use at least 156,000 tons of biomass to
displace 10% of the amount of coal used. These 142 coal plants could use up to 79.86
million tons of biomass. We also eliminated from the dataset preprocessing facilities
which have an annual supply less than 100 ton. This left us with a total of 637
preprocessing facilities. The total amount of biomass available from these depots is 93.11
million tons. Figure 2.5 presents the location of preprocessing facilities and coal plants
which resulted from preprocessing. The graph also presents the railway network which is
used to deliver biomass. Similarly, we eliminate from the data set the amount of biomass
which can be shipped by truck. This left us with 825 biomass preprocessing (supply)
locations.

Figure 2.5

Input data after preprocessing
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2.5.1.3

Step III:
The data about the US railway network structure consists of 80,486 rail links, and

36,393 unique origin and destination nodes. Of the 36,393 nodes, only 20,686 were
considered to be rail stations. Of the rails stations listed, 11,301 are operated by BNSF,
CSXT, NS and UP. Of the 80,486 rail links, 72% of are shorter smaller than 5 miles.
Since a unit train is a dedicated train, it will follow a single path from shipment origin to
its destination. This is why the network structure between depots and coal plants is
represented as a bipartite network. Each arcs of this bipartite network represent the
shortest path between a depot and a coal plant. We calculated these shortest paths using
the Dijkstra’s shortest path algorithm (Ahuja et. al., 1993) on the US railway network.
The cost along those arcs is a function of distance and rail line ownership.
2.5.2

Computational analysis:
We solved the MILP model under five different scenarios. Each scenario was

generated based on the maximum allowable travel distance between a preprocessing
facility and a depot (Table 2.3). In Scenarios 1, 2, 3, 4 and 5, the travel distance is 10, 20,
30, 40 and 50 miles respectively. Therefore under Scenario 1, an arc is added to the
network (see Figure 2.1) between a particular preprocessing facility and a depot if the
corresponding travel distance is less than or equal to 10 miles. As the results indicate,
moving from Scenario 1 to 5 increases the amount of biomass available to be shipped
through the network. We do not consider the scenario when the travel distance to a depot
is longer than 50 miles due to the corresponding increase in truck transportation costs.
Increasing the radius of deliveries to a depot increases biomass availability. This increase
in biomass availability increases the amount of biomass delivered to coal plants, and
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consequently, increases the amount of coal displaced. The number of depots/hubs also
increases as we move from Scenario 1 to 5 to facilitate biomass shipment.
Increasing the travel distance to a depot from 10 to 20 miles, increases the amount
of biomass delivered to coal plants (the amount of coal displaced) by 51%. The increase
in travel distance to a depot from 20 to 30, 40 and 50 increases the amount of biomass
delivered to coal plants by only 1 to 2%. Therefore, only an additional 1 to 2% of the
biomass delivered comes from preprocessing facilities which are located further than 20
miles from a depot. The reason why only part of the available biomass is delivered to
coal plants is because of the restrictions related to the minimum required amount in order
to initiate a unit train.
Table 2.3

Summary of results from the hub-and-spoke distribution model
Biomass Biomass Nr. of
Scenario
Available Delivered Hubs
Nr.
(MT)
(MT)
1
75.12
36.16
111
2
89.56
54.53
188
3
92.01
55.70
190
4
92.49
57.28
191
5
92.69
58.02
196

Table 2.4 summarizes the transportation related costs for each scenario. Truck
transportation costs increase from Scenario 1 to 5 due to the increase in the average
transportation distance per ton of biomass delivered to a depot. The variable unit cost for
rail transportation decreases due to the decrease in the corresponding average distance
traveled by rail (Table 2.5). The decrease in the travel distance by rail is mainly due to
the increase in the number of hubs required to deliver biomass as we move from Scenario
1 to 5. The number of hubs and the corresponding total costs increase with each scenario.
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Table 2.4

Summary of logistics costs

Truck Costs
Rail Costs
Hub Location Costs Total Unit
Scenario Unit Total Variable Fixed Total
Unit
Total
Cost
($/Ton) (M$) ($/Ton) ($/Ton) (M$)
($/ton)
(M$)
($/ton)
1
3.99 144.16
9.06
23.13 327.66
0.36
12.91
36.53
2
4.48 244.43
8.50
22.94 463.77
0.40
21.86
36.33
3
4.55 253.39
8.48
22.64 472.10
0.40
22.09
36.07
4
4.58 262.36
8.40
22.72 481.01
0.39
22.21
36.09
5
4.69 272.17
8.35
22.63 484.42
0.39
22.67
36.06

Table 2.5

Average transportation distances by rail and truck in the supply chain
Scenario
1
2
3
4
5

Distance
Truck
Rail
(Miles/Ton) (Miles/Ton)
5.25
660.36
6.67
625.36
7.02
604.83
7.13
599.14
7.54
586.63

Table 2.6 presents the distribution of biomass shipments among Class I Railway
Company. The percentages provided in this table represent the (tons*miles) of biomass
shipped along the rail lines of a particular company as compared to the overall total of
(tons*miles) shipped to deliver biomass to coal plants as indicated by each scenario. In
some cases, a shipment is delivered using rail lines of a single company. In other cases,
more than one Railway Company is used to deliver biomass. The results indicate that
biomass shipments will rely on using all four major carriers. The rail lines of UP are
utilized the most. The volume of west bound shipments is about three times higher than
that of east bound shipments.
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Table 2.6
Scenario
1
2
3
4
5

Volume shipped along Eastern and Western Class I railway companies
CSXT
2.65%
3.04%
3.95%
3.52%
4.03%

East bound shipments
NS
CSXT & NS
0.00%
9.34%
1.82%
13.94%
2.64%
12.63%
2.64%
13.42%
2.52%
12.53%

Total
11.99%
18.79%
19.22%
19.59%
19.08%

BNSF
8.31%
10.99%
12.25%
12.31%
13.57%

West bound shipments
UP
BNSF & UP
14.88%
42.64%
14.64%
38.58%
15.33%
34.04%
15.56%
34.42%
14.46%
33.46%

Total
65.82%
64.22%
61.62%
62.29%
61.48%

West to east
shipments
22.18%
16.99%
19.17%
18.12%
19.44%

Using rail transportation for densified biomass transportation will impact the flow
and traffic on all Class I Railway Companies. We identify how much of the available
railway capacity biomass supply system would use. We employed the method proposed
by Clarke (1995) to calculate the practical capacity of each rail segment. The practical
capacity of each rail segment is a function of four attributes, which are, the number of
tracks, the signal system used, the passing sidings, and track grade (flat or hilly). The
information provided in Table A.1 in APPENDIX A is used to compute the capacity of
each rail segment. The practical capacity of a rail segment represents the total number of
trains that can use the rail segment in a particular day. For example, if the number of
main line tracks is 1, the signal system is CTC, the interval between passing sidings is
less than 10 miles, and the terrain is flat, the daily capacity of the main track is 60 trains
per day. We compared the number of unit trains using a rail segment with its practical
capacity in order to identify the increase in traffic due to biomass transportation. For our
analysis, we used scenario 2 results to see whether extra traffic caused by this scenario
can be absorbed by the existing infrastructure. This analysis included a total of 3,509 rail
segments as defined by the rail network dataset. This analysis concludes: unit train
shipments of densified biomass use up to 1% of the practical capacity of 2,260 rail
segments; use 1 to 5% of the practical capacity of 711 rail segments; and use 5 to 10% of
42

the practical capacity of 136 rail segments (see Figure 2.6). A path from a depot to a coal
plant consists of a number of rail segments. Often a rail segment belongs to a number of
paths. In Scenario 2, we identified 26 paths which are highly utilized. We consider a path
to be highly utilized when biomass transportation uses about 10% of the practical
capacity of at least one of its rail segments. Figure highlights the paths that are highly
utilized in this supply chain.

Figure 2.6

Frequency of rail segments based on percentage of used capacity by traffic
due to densified biomass.

Figure 2.7

Highly utilized railway paths
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We reran our mathematical model by relaxing the restriction on using unit trains
to deliver biomass from a depot to a coal plant. Instead, biomass can be delivered using
single rail cars. Since the additional infrastructure to handle unit trains is not required
anymore, we assume the corresponding hub location costs to be zero. We also adjusted
the upper bounds of the arcs in R to reflect the capacity of single rail cars.Table 2.7
summarizes the results of this analysis. Comparing unit trains to single car shipments,
one can see that truck transportation costs from a preprocessing facility to a depot are
smaller for single car shipments. This is because the single car shipments can be initiated
from any rail station. Therefore, more rail stations serve as depots, and thus the travel
distance to such a station is smaller. The flexibility in using any train station for loading a
single car results in shorter travel distances by rail, and consequently, in smaller variable
cost. The higher fixed cost of single car shipments greatly impacts the total unit cost, and
consequently makes unit train shipments more economical. The cost of delivering
biomass is on average $3.1/ton lower for unit trains than single car shipments.
Table 2.7

Scenario
1
2
3
4
5

Cost comparisons of unit train and single car shipments of biomass for cofiring with coal

Truck transportaiton
Distance (miles)
Costs ($/ton)
Unit train Single car Unit train Single car
4.88
4.89
3.99
3.99
8.80
7.46
4.48
4.31
9.33
7.12
4.55
4.27
9.58
7.18
4.58
4.28
10.46
7.61
4.69
4.33

Rail transportaiton
Total
Distance (miles) Fixed Costs ($/ton) Variable Costs ($/ton)
Unit cost ($/ton)
Unit train Single car Unit train Single car Unit train Single car Unit train Single car
660.36 642.55
23.13
27.59
9.06
8.05
36.18
39.62
625.36 624.77
22.94
27.39
8.50
7.99
35.92
39.70
604.83 597.58
22.64
27.16
8.48
7.69
35.67
39.12
599.14 589.29
22.72
27.15
8.40
7.59
35.70
39.02
586.63 588.36
22.63
27.12
8.35
7.56
35.67
39.02
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2.5.3

Greenhouse Gas Emissions:
We have estimated the amount of coal displaced by using biomass. Typically, a

coal plant uses bituminous coal, subbituminous coal, synthetic coal, and lignite coal.
Recall that, in the data preprocessing phase, we estimated that about 100 MT of
denisified biomass is within 75 miles of a coal plant, and therefore, would be delivered
through direct truck shipments. This amount of biomass would displace 11.7 MT of
bituminous coal, 13.5 MT of subbituminous coal, 3.6 MT of synthetic coal, and 1.3 MT
of lignite. Coal displacement would result in a 58 MT reduction in CO2 emissions, 907 T
reductions of NO2 emissions, and 6,046 T reductions of CH4 emissions (assuming that
biogenic carbon emission are not counted). In order to estimate the amount of coal
displaced and the corresponding reductions in emissions we used the data presented in
the Table A.2 in APPENDIX A(GHG Protocol, 2012).
Table 2.8

The amount of coal displaced by rail delivery of biomass for co-firing
Biomass
Scenario
Delivered
Nr.
(MT)
1
36.16
2
54.53
3
55.70
4
57.28
5
58.02

Coal Displaced
Bituminous Subbituminous Synthetic
coal
coal
coal
(MT)
(MT)
(MT)
3.97
7.00
7.39
7.61
7.68

6.07
8.38
8.20
8.49
8.66

0.65
0.95
0.84
0.84
0.90

Lignite
coal
(MT)

(MT)

1.68
2.48
2.68
2.66
2.62

12.38
18.81
19.11
19.60
19.86

Total

Table 2.8 summarizes the additions coal displacement due to the delivery of
biomass using the hub-and-spoke model proposed above. Using biomass results in great
displacements of coal, and consequently in additional reductions on emissions (see Table
2.9 ).
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Table 2.9

Emission reductions from coal fire plants due to biomass co-firing
Scenerio
1
2
3
4
5

2.5.4

CO2
(MT)
22.96
35.54
36.29
37.31
37.79

Emissions of
N2O
CH4
(T)
(T)
358.19 2,387.92
555.30 3,702.00
567.17 3,781.11
583.25 3,888.31
590.79 3,938.61

Results of the Sensitivity Analysis:
We perform sensitivity analyses with respect to the hub location costs. These

costs are estimates received from experts. Since costs are typically subject to
uncertainties, we reran our models for different values of hub location costs. We reduced
these costs by 10% and 30%, and also increase these costs by the same amount. Table
2.10 summarizes these results. Changes on these costs have only small impact on the
total unit cost since these costs are small compared to rail and truck transportation costs.
The 60% increase on hub location costs increased total unit cost by an average of only
0.77%.
Table 2.10 Results of the sensitivity analysis of hub location costs
Scenario
1
2
3
4
5

Total unit cost ($/ton)
Changes in hub location costs
-30%
-10%
10%
30%
36.39
36.47
36.56
36.66
36.31
36.38
36.43
36.49
35.73
35.95
36.10
36.25
35.89
36.05
35.92
35.96
35.84
36.07
36.00
36.21

We also conducted a sensitivity analysis with respect to other factors that impact
the unit delivery cost of biomass. Table 2.11 summarizes these results. We investigated
the impact of biomass supply to costs. The increase in biomass availability, while
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demand remains the same, would typically result in lower transportation costs since more
of the biomass needed can be collected from facilities located nearby. A 40% increase in
biomass supply resulted on an average of 2.26% decrease in the total unit cost.
We investigated the impact of an increase in the demand for biomass at coal
plants while biomass supply remained unchanged. We considered an increase of demand
only for states that have RPS standards and goal. The map in Figure 2.8 presents those 30
states. An increase of demand for biomass would result in higher delivery costs because
in order to meet the needs for biomass, coal plants would get shipments from facilities
located further away. This is evident from the results from scenarios 2 to 5. In scenario 1
the decrease in costs is due to the increase in volume of each shipment stimulated by
higher needs at a coal plant. Due to the increase in volume shipped, the unit costs
decrease due to economies of scale in transportation. A 40% increase in biomass demand
resulted on an average of 1.66% increase in the total unit cost.
Finally, we investigated the impact of changes in truck and rail transportation
costs to the unit delivery cost of biomass. Rail transportation costs have a greater impact
on the delivery cost. This is mainly because rail costs have a greater share of the total
delivery cost of biomass as compared to truck costs. Thus, an equal increase on these
transportation costs has different impacts on the total unit cost. A 40% increase in truck
transportation costs resulted on an average of 4.66% increase in the total unit cost, and a
40% increase in rail transportation costs resulted on an average of 9.10% increase in the
total unit cost. The sensitivity analysis indicates that total costs of the system are greatly
impacted by rail transportation costs. This is mainly because rail costs have the greatest
share of total supply chain costs in the hub-and-spoke network.
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Table 2.11

Biomass Supply

Biomass Demand

Truck Costs

Rail Costs

Base
Case

+20%

+40%

+20%

+40%

+20%

+40%

+20%

+40%

($/ton)

($/ton)

($/ton)

($/ton)

($/ton)

($/ton)

($/ton)

($/ton)

($/ton)

1

36.18

35.62

35.52

35.33

35.11

36.60

37.36

37.55

39.29

2

35.92

35.60

35.17

36.55

36.85

36.91

37.79

37.66

39.32

3

35.67

35.22

34.88

36.24

36.82

36.55

37.57

37.32

39.03

4

35.70

35.07

34.76

36.27

36.71

36.50

37.37

37.35

38.96

5

35.67

35.05

34.77

36.20

36.61

36.46

37.40

37.27

38.85

Scenario

Figure 2.8

2.5.5

Summary of the results from the sensitivity analysis: Total unit cost

States with renewable standards and goals

Summary of Results:
The data analyses and preprocessing concluded that, 38% of the biomass available

for co-fire with coal is within 50 miles of a coal plant, 14% of the biomass is within 5075 miles of a coal plant, 16% of the biomass is within 75-200 miles of a coal plant, and
the remaining beyond 200 miles of a coal plant. A total of 100 MT of biomass is located
within 75 miles from a coal plant and could be delivered by truck. For shipments within
50 miles, the average truck transportation cost is $6.8/ton, and for shipments between 50
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and 75 miles, the corresponding transportation cost is $13.3/ton. These truck
transportation costs increase with distance. For shipments longer than 150 miles, the
corresponding costs are over $50/ton.
About 55 to 60 MT of biomass could be delivered using unit trains at a total
delivery cost of about $36/ton. Using single rail cars movement instead, would result in a
transportation cost of about $39/ton. The movement of biomass would impact more the
flow along Western than Eastern railways.
Table 2.12 summarizes the findings of this study. Based on the results of data
analyses we concluded that a total of 160 MT of biomass could be used for co-firing. Of
this amount, 100 MT is located within 75 miles of existing coal plants and can be directly
delivered using trucks. The remaining 60 MT would be densified and delivered using unit
trains. In the case when biomass is located within 75 miles of a coal plant, we consider
that biomass densifying is not necessary since transportation costs are relatively low. The
160 MT of biomass would generate 281.8 billion kWh.
The delivery cost of densified biomass would include the transportation costs
presented above, the grower payments, and the cost of densifying biomass. Grower’s
payment depends on the type of biomass and the region where the biomass is produced.
For example, in Iowa the grower payment for corn stover (in 2007$) is $46.90 and for
wheat straw is $37.36 per dry metric ton. In Georgia the grower payment for corn stover
(in 2007$) is $44.96, for wheat straw is $35.84, and for switchgrass is $33.66 per dry
metric ton. The cost of preprocessing herbaceous biomass is estimated to be $12/ton to
$15/ton. These costs are expected to be higher for woody biomass. Depending on
moisture content, these costs could range from $15 to $29/ton (Argo et al., 2013).
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The PTC provides an income tax credit of 2.2 cents/kWh. Since each ton of
biomass generates 1,760 kWh, this results in $38.72 tax credits per ton of biomass used.
In the summary table we consider only these tax credits since they apply at the national
level. This brings the total cost of delivering 160 MT of biomass $0.8 to $3.5 billion.
EIA reports that the average energy price - when generated using coal - in the
second quarter of 2013 was $2.37 per million Btu (EIA, 2013). The 281.8 billion kWh of
electricity is equivalent to 960,819,200 million Btu. This translates to $2.28 billion being
spent to produce 281.8 billion kWh using coal.
In summary, the cost of using biomass to produce electricity is smaller as
compared to the cost of producing electricity using coal in the case when biomass is
located within 75 miles from a coal plant. This is mainly due to the tax credit, PTC,
provided for production of electricity through renewable sources. In the case when
biomass is delivered from farms further than 75 miles, the cost of using biomass only
sometimes is smaller than using coal. In this case, the decision about co-firing will
depend on the producers’ costs, densifying costs, and the amount of biomass available.
Note that, in our calculations presented in Table 2.12 we have not factored in
savings due to reductions in emissions. This is mainly due to the fact that there are no
regulations set at the Federal or State level about GHG emissions. If these taxes were to
be considered, than, a $1 tax per ton of CO2 emitted would result in $58 million cost
savings for the scenario when biomass is located within 75 miles, and $23 - $38 million
savings (see Table 2.10) for the scenario when biomass is located further than 75 miles.
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Table 2.12 Summary of the results
Product
Biomass
<= 75 miles
Biomass
> 75 miles
Total

2.6

Quantity

Costs ($/ton)

(Mill tons) Producer Densifying Logistics Total
100

34-47

60

34-47

160

34-47

Tax

Costs

Energy

($/ton)

(Bill $)

(Bill kwh)

8.5

42-55

38.72

0.33-1.63

176.0

15-29

36-40

85-116

38.72

2.80-4.60

105.6

5.6-10.9

19-20

59-78

38.72

0.8-3.5

281.6

Conclusion
This chapter proposes a framework for designing the supply chain network for

biomass co-firing in coal-fired power plants. This framework is inspired by existing
practices with products that have similar characteristics with biomass. Thus, short
distance delivery of biomass is supported by direct truck shipments. Long-distance and
high volume delivery of biomass relies on preprocessing biomass, using a hub-and-spoke
supply chain network, and unit train shipments. Furthermore, biomass is considered to be
densified if to be delivered to coal plants located further than 75 miles away. Densifying
biomass has a positive impact in reducing transportation costs since densifying
transforms biomass into a stable, dense, and flowable commodity, which is easier to load,
unload and transport. We formulate the hub-and-spoke supply chain design problem as a
mixed-integer program, and use a benders decomposition algorithm to solve the model.
The proposed model identifies locations of consolidation hubs, and an optimal flow of
biomass to coal plants.
This work evaluates the total amount of biomass that can be delivered to coal
pants and estimates the corresponding delivery cost. For short-distance delivery of
biomass, the total unit delivery cost is estimated to be $42-$55 per ton. For long-distance
delivery of biomass, the total unit delivery cost is estimated to be $85-$116 per ton. The
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savings from the PTC reduces these costs. Thus, the total cost of delivering 160 MT of
biomass is expected to be $0.8 - $3.5 billion. This amount of biomass generates 281.8
billion kWh. To produce the same amount of energy using coal would cost about $2.28
billion. Additionally, displacing coal would result in reductions in GHG emissions. Our
estimates indicate that these reductions are estimated to be 81 to 96 MT of CO2
emissions, 1.3 to 1.5 MT of N2O emissions, and 8.4 to 9.9 MT of CH4 emissions.
Based on the analysis presented in this chapter, when biomass is located within 75
miles from a coal plant then co-firing makes economic sense. In the case when biomass is
located further than 75 miles from a coal plant, then the cost of co-firing may be higher
than the cost of using coal. In this case, the decision about co-firing will depend on the
producers’ costs, densifying costs, and the amount of biomass available.
Clearly, co-firing reduces GHG emissions and also makes use of forest and
agricultural residues and wastes. Since there are no regulations at the Federal level to
control GHG emissions through taxes and caps, we cannot estimate the cost savings from
co-firing. However, in November 2009, President Obama offered a U.S. target for GHG
emission reductions. These targets aim at reducing GHG emissions to 17% below 2005
levels by 2020. Energy generation burning coal contributes 28% of total GHG emissions
in the USA (WRI, 2013). As a consequence, the US Environmental Protection Agency
(EPA) has proposed a few standards under the Clean Air Act to limit carbon pollution
from new power plants. Power plants will find co-firing to be a great option that can
greatly contribute to meeting these standards. Co-firing is also an opportunity for power
plants and power companies to provide environmentally friendly services to customers.
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To summarize, the contribution of this work is twofold. First, the model we
propose is an extension of the hub-and-spoke design problem. We extend these models
by integrating a step-wide cost function in the objective in order to better represent the
characteristics of transportation costs. Second, we use real data and design a realistic case
study. The framework we propose is inspired by current practices with corn and other
products which have similar characteristics to biomass. Thus, the results of our analysis
are realistic and insightful. The findings we present can be used by policy makers to
evaluate the economic feasibility of producing renewable electricity, and consequently
design better regulations.
Finally, the work presented in this chapter can be extended. One potential
extension is to consider the design of an in-bound supply system for coal plants which
minimizes location/transportation costs as well as emissions due to transportation of
biomass. Another extension is to build a mathematical model to identify what mix of coal
and biomass (rather than 90/10 ratio used in this analysis) maximizes profits, or
maximizes the renewable energy production.
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CHAPTER III
HUB-AND-SPOKE MODEL TO DESIGN DENSIFIED BIOMASS-TOBIOREFINERY SUPPLY CHAIN

3.1

Introduction
The hub-and-spoke model can be used to design biomass- biorefinery supply

chain using rail for long-haul, and high-volume shipment of densified biomass. At
present ethanol (mainly produced from corn grain starch), biodiesel (mainly produced
from soybean oil and recycled cooking oils), and cellulosic biofuels (based on nonfood
resources such as agricultural waste, grasses, and woody crops) are the major biofuels in
the US. As US federal government has emphasized on utilizing a variety of renewable
energy resources (RES), the share of biomass in total primary energy consumption is
expected to increase. We expect an increase in the production of biofuels in the near
future due to these legislations and data about the consumption of biofuels in the past
(Figure 3.1).
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Figure 3.1

Increasing growth of biofuels consumption

As a result of these policies and incentives, it is expected that the number of
biorefineries in the USA will increase. Decisions about biorefinery locations are not easy
since these decisions are impacted by a number of factors, e.g availability of biomass, rail
transportation network, location of customer, a state/federal road transportation network.
Due to the nature of biomass (biomass is bulky, fungible and difficult to transport),
biorefinery logistics costs can be high. To minimize transportation costs, currently
biorefineries are generally located within 50 miles radius of their supply (Aden et al.,
2002).This is the reason why most of the ethanol produced in the USA comes from small
sized biorefineries located close to corn farms. Therefore, traditional biorefineries do not
benefit from the economics of the scale associated with high production volumes (Searcy
and Flynn, 2008). This in return impacts the cost of biofuels, which for the moment are
not cost competitive with fossil fuels.
In CHAPTER I we have explained densified biomass as a stable, dense, and
flowable commodity, which is easier to load and unload, and also makes high-capacity
transportation modes, such as rail, feasible over long distances. The option of reducing
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long distance transportation costs by using high capacity transportation, such as rail, may
be an incentive for biorefineries to increase the supply radius, and therefore increase the
production capacity. This in return will increase biomass availability and reduce
feedstock supply risk. A study by Argo et. al (2013) argues that, if the capacity of a
biorefinery plant using densified corn stover is between 5,000 and 10,000 Dry Metric
tons (DMT) per day, then, the resulting minimum ethanol selling price could be $2.25 to
$2.40 per gallon. Such a facility would be receiving 75–150 truck shipments of biomass
daily, or equivalently, 30–60 rail cars daily. This implies that high-volume transportation
modes, such as rail, would be a viable and beneficial option to deliver biomass to
biorefineries of high production capacity.
As mentioned in CHAPTER I, while rail transportation such as unit train requires
a bulk amount of densified biomass shipments, many individual densified biomass
sources such as counties do not generate sufficient biomass volume to fill a unit train.
Therefore we propose a hub-and-spoke (Figure 3.2) based supply chain model to design
densified biomass-to-biorefinery supply chain, using rail for long-haul, and high-volume
shipment of densified biomass. The proposed supply chain consists of a large set of
counties where biomass is grown, a set of depot where biomass is collected, a set of
biorefineries and a set of customer where biofuels will be delivered. The proposed
biomass supply chain systems assume that biomass is collected and preprocessed at the
county level and collected biomass is densified at local preprocessing facilities.
Although traditionally the main objective of models developed and analyzed in
the area of supply chain optimization, logistics management and transportation systems
analysis has been minimizing costs, there has been growing interest to incorporate other
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objectives to biomass supply chain models. Typically those are environments and social
objectives. Since the activities that occur in the densified biomass-biorefinery supply
chains can result in multiple GHG emissions, environmental objective is incorporated
with economic objective to evaluate the design alternatives and operation activities from
an environmental perspective. In this work, the environmental objective is to minimize
the total annual GHG emission due to CO2 emission. Two types of emission are
considered in this study. They are : emission due to transportation and biorefinery
operation .Similarly the activities that occur in the densified biomass-biorefinery supply
chains increase the local employment which can be measured by the number of accrued
local jobs. The more local jobs that are created, the higher the social benefit has brought
to the regional economy by the densified biomass- biorefinery supply chain.

Figure 3.2

Supply chain network structure for Hub-and-spoke model to design
densified biomass-to-biorefinery supply chain. Low-volume and shortdistance transportation of biomass is done by trucks.
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In this chapter, we address biomass-to-biorefinery supply chain using rail for
long-haul, and high-volume shipment of densified biomass under economic,
environmental, and social criteria. In that case in addition to identifying hub location, the
MIP will identify the number, capacity and location of biorefineries needed to make use
of the biomass available in the region. The economic objective minimizes the
transportation cost, hub location cost and biorefinery investment and operations cost,
environment objective minimizes the CO2 emissions and social objective maximizes the
social benefit measured by the by the number of accrued local jobs resulting from the
construction and operation of the densified biomass-biorefinery supply chain. The multi
objective framework establishes the tradeoff among the economic, environmental and
social performance. The multi-objective optimization problem is solved with an constraint method and produces Pareto-optimal curves that reveal the tradeoffs among the
three objectives. A case study is performed to illustrate the proposed optimization
approach.
3.2

Relevant literature
The models we propose are in line with the research on biomass supply chain and

logistics management. We have already listed the existing literature related hub-andspoke supply chain, biorefinery siting, uncertainty in supply chain design in section 2.2.
Most of those literatures on biomass supply chain consider the use of truck
transportation for biomass shipments. Moreover the objective functions of all those works
are either to minimize total cost or maximize the total profit. However, hub –and- spoke
based biomass-to-biorefinery supply chain may need to tradeoff due to environmental
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impact, social benefit. Very limited works has been done on multi-objective optimization
during modeling biomass-to-biorefinery supply chain.
Zamboni et al. (2009) presented a MILP model that considered the simultaneous
minimization of the supply chain operating costs as well as the environmental impact in
terms of GHG emissions.
Perimenis et al.(2011) developed a decision support tool to evaluate biofuel
production pathways that integrates the technical, economic, environmental and social
aspect aspects along the entire value chain (i.e. from biomass production to biofuel enduse).
Mele et al. (2009) addressed the optimal planning of supply chains for bioethanol
and sugar production with economic and environmental concerns. They provided a bicriterion mixed-integer linear program (MILP) that simultaneously minimizes the total
cost of the network and its environmental performance over the entire life cycle of the
product (i.e., sugar and ethanol).
El-Halwagi et al. (2013) incorporated safety criteria into the selection, location,
and sizing of a biorefinery location. They established the tradeoffs between cost and
safety issues in the form of Pareto curves.
You and Wang, (2011) studied the optimal design and planning of biomass-toliquids (BTL) supply chains under economic and environmental criteria. They
simultaneously predicts the optimal network design, facility location, technology
selection, capital investment, production planning, inventory control, and logistics
management decisions and showed how the optimal annualized cost and the BTL
processing network structure change with different environmental performances of the
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supply chain. In another study, You et al. (2012) addresses the optimal design and
planning of cellulosic ethanol supply chains under economic, environmental, and social
objectives. They presented Pareto-optimal curves reveal the tradeoff between the
economic, environmental, and social dimensions of the sustainable biofuel supply chains.
The analysis presented in this chapter is unique. We are not aware of hub-andspoke supply chain models for in-bound biomass supply chains that considered
economic, environmental and social factors. The work by You et al. (2012) is closely
related to this chapter. Different from You et al. (2012) this chapter uses a hub-and-spoke
supply chain structure to deliver biomass using high-volume transportation modes, such
as rail to a broad region. In summary this research will contribute in followings ways :
First we evaluate the feasibility of using rail for long-haul, and high-volume shipment of
densified biomass in biomass-biorefinery supply chain Second, we develop a hub-andspoke distribution network which identify the number, capacity and location of
biorefineries needed to make use of the biomass available in the region. The
mathematical model proposed captures a number of characteristics which are particular to
this product. For example, the transportation cost function is a step-wide cost function
which captures the distance related costs, order setup cost, and loading unloading cost for
each train. Finally, we reveal the tradeoffs among the economics, environmental impact,
and social objectives of the densified biomass-biorefinery supply chain.
3.3

Model Formulation
We model this supply chain design and management problem using a mixed

integer linear programming (MILP) model. This model is also a facility location model
since it identifies locations for depots, biorefinery. Let
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,

denote the supply chain

network, where,

represents the set of nodes and A represents the set of arcs. Set N

consists of subset P which represents the set of preprocessing facilities, subset D which
represents the set of depot, and subset C which represents the set of biorefinery locations.
Set A consists of subset T1 which represents the set of arcs that connect preprocessing
facilities to depot, T2 which represents the set of arcs that connect preprocessing facilities
to biorefinery, subset T3 which represents the set of arcs that connect biorefinery to the
customer and subset R which represents the set of arcs that connect depots to
⋃

biorefineries. Let
3.3.1

∪

Cost functions
The cost along arcs in T1 , T2, T3 is linear, and there are no upper bounds on the

amount shipped using these arcs. The selection of such a function type reflects the
practice. Low-volume and short-distance transportation of biomass is done by trucks.
Typically, a fixed price per mile and per ton is charged. Thus, the distance traveled along
arc (i, j),

, is considered when calculating

. We calculate

by

∗

ϑ

where (i, j)  T1 , T2, T3 .Here ϑ is distance fixed cost per ton for truck and

,

cost per

mile per ton for truck. Arcs in T2 represent direct truck shipments to biorefinery [Figure
3.2]. This is typically the case when transportation distance is relatively short. The
transportation cost structure of arcs in R is a multiple-setup fixed charge type, which is
described using equation (3.22)
0

0
0

Ψ
2∗Ψ

2∗
⋮

n∗Ψ
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1 ∗

(3.1)
∗

In this function,

reflects a fixed cost for loading/unloading a unit train. The

charged per ton shipped and it depends on the distance traveled along

variable cost (

arc (i, j). This is a piecewise linear cost function. In order to incorporate this function
within the objective function of the MILP model presented below, we introduce the
integer variables

. These variables represent the number of unit trains moving from

depot i to biorefinery j. Then

.As a result total transportation

Ψ

cost this supply chain
TRC = ∑

, ∈

∑

, ∈

The hub location costs are the investment costs necessary to build the
infrastructure in support of loading/unloading unit trains at a depot. Let
∈

variable which takes the value 1 when node

is used as a depot, and takes the value

0 otherwise. Let

the fixed investment cost at node

are HC = ∑ ∈

. Let

location costs are BC = ∑

∈ . Thus, total hub location costs

be the fixed investment cost at node

a binary variable which takes the value 1 when node
location with capacity ∈

∈

,

∈

. Let β be

, and takes the value 0 otherwise. Thus, total biorefinery
∑

β .
represent demand

represents the penalty cost at customer i; si represents the

supply of biomass at a pre-processing facility;
unit train for

∈ ,

is used as a biorefinery

Other parameters we use in order to build our model are:
shortage at customer i;

be a binary

represents the maximum capacity of a

∈ ; uj represents the storage capacity of depot j.

62

3.3.2

Emission functions
CO2 emissions results from the combustion of the biofuel during transportation of

biomass and biofuel in the supply chain. CO2 emissions also results from the biorefinery
construction and operation, and hub operation. The emission along arcs in T1 , T2, T3 , R
is linear, and there are no upper bounds on the amount shipped using these arcs. Emission
parameters

represents CO2 emission per ton per mile in arc set ,

∈ . CO2

emissions from a biorefinery are proportional to the size of the biorefinery. CO2
emissions from hub operations are proportional to its capacity. Let
∈

emission per ton from biorefinery
a hub at node ∈
3.3.3

and

represents CO2

represents CO2 emission for establishing

.

Social benefit functions
Social benefit is measured by the number of accrued local jobs. Job results from

the transportation activities of biomass and biofuel in the supply chain, biorefinery
construction and operation, and hub operation. The number of job along arcs in T1 , T2, T3
is linear and depends on the distance traveled and shipped amount. The numbers of job
along arc R is linear and depend on number of unit train and distance. The number of job
created due biorefinery operation and construction is a function of biorefinery size.
Number of job created due to hub operation is assumed to be fixed.
of jobs created per ton due to transportation activities in arc
∈

number of job created due to locating depot
created for biorefinery ∈ ,

.
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and

,

represents number

∈ , represents

represents number of job

Table 3.1 summarizes the definitions of sets, parameters and decision variables
used in this chapter.

Table 3.1

The definitions of sets, parameters and decision variables used in this
chapter
Set definitions

N

set of nodes in supply chain network G(N, A)

P

set of preprocessing facilities

D

set of hub

B

Set of biorefinery locations

C

set of customers

A

set of arcs in G(N, A)

T1

set of arcs that connect preprocessing facilities to hub

R

set of arcs that connect hub to the biorefinery

T2

set of arcs that connect preprocessing facilities to the biorefinery

T3

set of arcs that connect biorefinery to the customer

K

set of biorefineries indexed by k
Problem Parameters
unit cost charged per ton shipped along
distance of

,

,

∈

∈

reflects a fixed cost for loading/unloading a unit train

,

∈

represents the maximum capacity of a unit train along arc ,
fixed investment cost at node ∈
Capacity of node ∈
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∈

Table 3.1 (Continued)
∈

the fixed investment cost at node

with cpacity

∈

represents the supply of biomass at a pre-processing facility ∈
represents the demand of biomass at a customer location ∈
Shortage cost at customer location
Capacity of biorefinery node

∈

∈
is

∈

Emission parameters
CO2 emission per ton per mile in arc set ,
CO2 emission from biorefinery

∈

∈ T1, T2 ,T3,R

with capacity

∈

CO2 emission for establishing a hub at node ∈
Social factors
Number of jobs created per ton due to transportation activities in arc ,
Number of job created for biorefinery

∈

with capacity

∈

∈

Number of job created due to locating depot ∈
Decision variables
flow along arc

,

∈

number of unit trains moving from hub i to biorefinery j
a binary variable which takes the value 1 if i is used as a hub, and 0 O/W
β

a binary variable which takes the value 1 if i is used as a biorefinery, with capacity k and 0 O/W

Π

demand shortage at customer location

∈

The economic objective function minimizes the total of transportation cost, hub
location costs, and penalty costs necessary to meet demand. The penalty costs occur
when the needs for biofuels at a customer are not satisfied using biomass, but gasoline
instead. Such a penalty serves in fact as a threshold price for delivering biomass. If the
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delivery price for biomass is higher than this threshold, then other sources will be used to
meet supply requirements. The economic objective is defined as follows

min

, ∈

, ∈

∈

∈

∈

β

Π
∈

(3.2)
The environment objective function minimizes the total of CO2 emissions due to
transportation of densified biomass and operations of biorefinery. The environmental
objective is defined as follows

, ∈

∈

∈

β

∈

(3.3)
The social objective function maximizes the total number of jobs created due to
transportation of densified biomass and operations of biorefinery. The social objective is
defined as follows

max

, ∈

, ∈

∈

∈

∈

β
(3.4)

The following is the MILP formulation of the problem:

:

, , β,
:

,Π ,
, , β,
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, , β,
,Π

,Π

∀ ∈

(3.5)

0 ∀ ∈

(3.6)

.
∈ ⋃

∈

∈

∈

0 ∀ ∈

(3.7)

∀ ∈

(3.8)

∈

Π
∈

0

∀ ,
0

∈

∀ ∈

(3.9)
(3.10)

∈

∀ ∈

β

(3.11)

∈

∈ ⋃

(3.12)

1 ∀ ∈

β
∈

∈

∀ ,

∈

(3.14)

∀ ∈

∈ 0,1 , ∀ ∈ ,
∈

(3.13)

∀ ∈

∈ 0,1 ,
β

∈

∀ ,

(3.15)
∈

∈

(3.16)
(3.17)

Constraints (3.5) indicate that the amount of biomass shipped from a
preprocessing facility is limited by its availability. Constraints (3.6) are the flow balance
constraints at a hub. Constraints (3.7) are the flow balance constraints at a biorefinery
site. Constraints (3.8) indicate that customer demand is satisfied by either by using
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biofuel shipments or by using other products (such as, gasoline). Constraints (3.9) set an
upper limit on the amount of biomass shipped using unit trains. Constraints (3.10) set a
limit on the storage capacity of a hub. Constraints (3.11) set a limit on the capacity of a
biorefinery. .Constraints (3.12) set a limit on number of biorefinery at any location.
Constraints (3.13) and (3.14) are the non-negativity constraints. Constraints (3.15) and
(3.16) are binary constraints. Constraints (3.17) are the integrity constraints.
3.4

Solution Approach
The MILP considers three objectives: the economic, environmental, and social.

Typically, there does not exist a single solution that simultaneously optimizes each
objective. Therefore we will produce Pareto optimal solutions that reveal the tradeoffs
among the three objectives. The two main approaches used in the literature in order to
obtain the Pareto Optimal Solution for a multi objective problem: They are: weighted
sum method and the ε- constraint method. We will apply ε- constraint method to find the
Pareto optimal solutions. We first consider the tradeoff between economic and
environmental performances by using the ε- constraint method to obtain the Paretooptimal curve. The ε- constraint method to obtain the Pareto-optimal curve is
implemented in two steps. First, we have obtained the optimal lower bound and upper
bound of the annual CO2 emission. The lower bound is obtained by minimizing TE
(Eq.23) subject to constraints (26-38). The upper bound of CO2 emission is obtained by
minimizing TC subject to constraints (2-14). Second, we fix the ε values with identical
intervals between the upper and lower bounds of the annual CO2 emissions and solve the
following model
min

, , β,
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,Π

.

, β, Z,

SB

, β, Z,

,Π

,Π
and (3. 5-3.17)

Here and is the lower bound and upper bound of the annual CO2 emission, and
is the fixed minimum number of annual job. In this way we obtain an
approximation of the Pareto-optimal curve for the proposed model, together with the
optimal solutions for different values of CO2 emissions. We will also apply - constraint
method to address the tradeoff between the economic objective and the social objective.
In order to obtain the Pareto-optimal curve we solved the following problem
min
.
SB

Here Here
job and
3.5
3.5.1

and

, , β,

,Π

, β, Z,

,Π

, β, Z,

,Π
and (3.5-3.17)

is the lower bound and upper bound of the number of annual

is fixed maximum amount of annual CO2 emission.

Data Collection
Biomass supply data
Figure 3.3 shows the distribution of population and the distribution of biomass at

the State level in the US. We observed that although 12% of the nation’s population lives
in California, only 0.59% of the available biomass for production of biofuels is located in
California. Again, although only 0.97% of the country’s population lives in Iowa, 13% of
US biomass is available in Iowa. We can also observe that that the majority of the
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population lives in the East and West US but the majority of the biomass is available
mainly in the Midwest and South. This case study is designed on the fact that production
of large scale production biofuels in west will be dependent on the biomass in the
Midwest.

Figure 3.3

Distribution of biomass and population by State (Cen, 2010; KDF, 2012)

Biomass availability data by state and county was extracted from the Knowledge
Discovery Framework (KDF) database, an outcome of the US Billion Ton Study led by
the Oak Ridge National Laboratory. This data was further processed by INL to identify
potential locations for depots and the corresponding amount of densified biomass
available. We have selected nine states from the Midwest and west for case study. The
selected states for biomass supply are: Iowa, Nebraska, Kansas, South Dakota, California,
New Mexico, Nevada, and Arizona. Among those states Iowa, Nebraska, Kansas and
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South Dakota are major biomass producing states and California is the major biofuel
consuming states. The total numbers of county in those states are 602.
3.5.2

Biofuel demand data
Biofuel demand data at a county is estimated based on population of county,

population of state and gasoline consumed by the state. Gasoline consumption data is
obtained from EIA (2013) and population of state is obtained from Census 2011
consumption.
3.5.3

Rail network data
The source of rail transportation network data is described in section 2.4.3.Figure

3.4 presents the distribution of the biomass, expected biofuel demand and rail network
preprocessing facilities and rail links.

Figure 3.4

Input data
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3.5.4

Transportation cost
The data about truck transportations cost and rail transportation cost of densified

biomass is described in section 2.4.4.1 and 2.4.4.2. Truck transportation costs of biofuel
are estimated based on Searcy et al. (2007). Biofuel transportation is evaluated based on
a tandem tanker carrying 40 ton of ethanol. The DVC of ethanol is estimated $0.08/
(tons*mile) and DFC is estimated $3.86 /tons.
3.5.5

Hub investment cost
The data about hub investment cost is described in section 3.5.5

3.5.6

Biorefinery investment cost
We use the data provided by a study completed by You et al. (2011). This study

provided investment cost and operating cost for 45 MGY ethanol productions with
simultaneous scarification and fermentation technology. They estimated investment costs
to build a biorefinery that produces 45 MGY of c-ethanol $159,400,000. Wallace et al.
(2005) in his study about the feasibility of collocating and integrating ethanol production
plants from corn and lignocellulose biomass, estimates that doubling the size of the plant
(from 50 to 100 MGY), increases the investment costs by a factor of 1.6. We used this
factor and interpolated investments costs to calculate estimates of investment costs for
biorefineries of different sizes. We use a 20 years project life; and a 15% interest rate.
The project life and interest rate is used to calculate the equivalent annual investment
costs. We consider 3 different biorefinery sizes: They are: 60 MGY, 90 MGY and 120
MGY.
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3.5.7

Emission data
Emission due to rail and truck transportation is calculated by CO2 emissions =

Transport volume by transport mode * average transport distance by transport mode
*average CO2-emission factor per ton-mile by transport mode. The average CO2emission factor recommended by (GHG Protocol, 2012) is for road transport operations
is 0.297 kg/ton-mile. The average CO2-emission factor recommended by (GHG Protocol,
2012) for rail transport operations is 0.0252 kg/ton-mile. Emission data from biorefinery
operation is calculated on based Argo et al. (2013). Study from Argo et al. (2013) showed
that average emission from biorefinery chemicals and biorefinery enzyme is 2.2
kg/Gallon.
3.5.8

Social impact data
The number of accrued local jobs for biorefinery construction and operations is

calculated from the Jobs and Economic Development Impact (JEDI) model (2006)
developed by NREL. Table B.1 in APPENDIX B shows number of job created due to
biorefinery construction and operations obtained from JEDI. The number of job created
due truck transportation is estimated on travel distance and amount of biomass shipped
annual. We assume that a truck can carry maximum loads of 40 tons for transporting bulk
solids and 8000 gallons for transporting liquid with an average travel speed at 40 mile/h.
Based on above assumptions we calculate required hours from the annual transported
biomass and distance .We assumed that each unit train will require two crews .The
number of job created due to rail transportation is calculated based on distance traveled at
each route and number of unit train operating every two weeks. We assumed that two
jobs will be created due to the hub operations.
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3.6

Data Processing
As mentioned earlier in section 3.3 trucks will be used to deliver the biomass to the

biorefinery for short distances. Therefore maximum length of the set of arcs that connect
preprocessing facilities to the biorefinery is 75 miles. The methods of creating of set of arcs that
connect hub to the biorefinery are described in Step III in section 2.5.1.

3.7
3.7.1

Result
Case Study 1: Cost efficient supply chain design
This case study minimizes the total annualized cost. We solved the MILP model

under three different scenarios. Each scenario was generated based on the maximum
allowable travel distance between a preprocessing facility and a depot (Table 3.2). In
Scenarios 1, 2 and 3, the travel distance is 10, 30 and 50 miles respectively. Therefore
under Scenario 1, an arc is added to the network between a particular preprocessing
facility and a depot if the corresponding travel distance is less than or equal to 10 miles.
As the results indicate [ Table 3.2], moving from Scenario 1 to 3 increases the amount of
biomass available to be shipped through the network. We do not consider the scenario
when the travel distance to a depot is longer than 50 miles due to the corresponding
increase in truck transportation costs. Increasing the radius of deliveries to a depot
increases biomass availability. We can also observe that biomass delivery through rail
increase as we go from scenario 1 to 3. The number of biorefinery, total capacity and
percentage of utilization varies from scenario 1 to 3(Table 3.3). Max. 1214 MGY cethanol can be delivered from the studied region. Morevoer, 24.38%-26.12% of RFS
goal can be met by c-ethanol from the studied region.
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Table 3.2

Summary of results from hub-and-spoke distribution model

Scenario

Biomass delivered(MT)

Total delivered
biomass(MT)

Number of
hub

1.96

22.67

8

20.88

2.69

23.57

8

19.86

4.43

24.29

11

Available
Biomass
(MT)

Direct Shipment

Rail

1

52.99

20.71

2

62.92

3

63.45

Table 3.3

Number of biorefinery ,size, percentage of utilization of biorefinery,
delivered biofuel at each scenario
Number of biorefinery

Scenario

with size (MGY)

Total
capacity(MGY)

Utilization

Delivered

Percentage of

Biofuel (MGY)

RFS goal

60

90

120

1

0

3

8

1230

92.15%

1133.42

24.38%

2

2

4

6

1200

98.19%

1178.32

25.34%

3

3

1

8

1230

98.73%

1214.34

26.12%

Table 3.4 summarizes the transportation related costs for each scenario. Truck
transportation costs increase from Scenario 1 to 3 due to the increase in the average
transportation distance per ton of biomass delivered to a depot. The total costs increase
with each scenario. Table 3.5 shows the average transportation distances by rail and truck
in the supply chain. Transportation cost varies from $1.22-$1.3 per gallon. Table 3.6
shows the average delivery cost of c-ethanol. Delivery cost varies from $4.01-$4.07 per
gallon.
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Table 3.4

Summary of transportation costs

Table 3.5

Average transportation distances by rail and truck in the supply chain

Scenario
Truck

Distance (Miles/ton)
Rail

delivery to hub

Table 3.6

Truck delivery
to Customer

1

3.61

350.88

162.09

2

12.96

314.00

165.78

3

24.56

369.46

171.26

Average delivery cost of c-ethanol

We can see that the biorefineries at scenario 1 uses rail to satisfy of 8.65% of
biomass demand. As the maximum allowable travel distance between a preprocessing
facility and a depot in scenario is 10 miles, the hub-and-spoke supply chain structure does
not have access to dispersed biomass source. We can see that the biorefineries at scenario
3 use rail to satisfy of 18.23% of biomass demand. This increase is due to fact that the
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hub-and-spoke supply chain structure has more access to dispersed biomass source.
Figure 3.5 and Figure 3.6 represents the number of biorefinery and its size based on
scenario 3.If we examine the scenario 3 , we can observe that most of the biorefineries
are located close to supply side such as Iowa, Kansas, Nebraska. There are three
biorefineries located in Denver which are influenced by customer demand. Biorefineries
located in Colorado and Kansas (Lewis) use rail transportation. 10 out of 11 hubs are
located in Colorado, one is located at Kansas. Details of these results for scenario 3 is
listed in Table B.2 at APPENDIX B

Figure 3.5

The number of biorefinery and its size based at scenario 3
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Figure 3.6

3.7.2

The number of biorefinery and its size based at scenario 3 presented with
biomass supply and biofuel demand

Multi-objective analysis
Economic, environmental and social objective is considered in this study. We first

consider the tradeoff between economic and environmental objectives. We used εconstraint method described in section 3.4 to find the Pareto optimal solutions. The
resulting Pareto curve is shown in Figure 3.7.We can observe that as the optimal total
annualized cost reduces from around $17.5 billion to $4.6 billion the annual CO2
emission increases from around 1.04 million ton to around 42 million ton. This curve
shows the tradeoff between economic and environmental objective.
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Pareto curve showing tradeoff between economic and environmental
objective of densified biomass-to-biorefinery supply chain for scenario 3

Figure 3.8 shows the tradeoff between the economic objective and social
objective. We again applied ε- constraint method to generate Pareto curve. The curve is
almost linear which implies that the more money is invested, the more jobs will be
created. The results show that as the optimal total annualized cost increases from around
$4.2 Billion to $18 Billion, the annual full time job increases from around 4,800 to
around 22,000.
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Number of annual full time jobs

Figure 3.8

3.8

Pareto curve showing tradeoff between economic and social performances
for scenario 3

Conclusion
In this chapter, we address biomass-to-biorefinery supply chain using rail for

long-haul, and high-volume shipment of densified biomass under economic,
environmental, and social criteria. In that case in addition to identifying hub location, the
we identify the number, capacity and location of biorefineries needed to make use of the
biomass available in the region. The economic objective minimizes the transportation
cost, hub location cost and biorefinery investment and operations cost, environment
objective minimizes the CO2 emissions and social objective maximizes the social benefit
measured by the by the number of accrued local jobs resulting from the construction and
operation of the densified biomass biorefinery supply chain.
We evaluate the total amount of biomass that can be delivered to biorefinery
based on four major class 1 rail and estimates the corresponding transportation cost for
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different scenario. Max. 1214 MGY c-ethanol can be delivered. 24.38%-26.12% of RFS
goal can be met by c-ethanol from the studied region. We estimated that transportation
cost varies from $1.22-$1.3 per gallon. Delivery cost varies from $4.01-$4.07 per gallon.
Scenario 3 results indicate that biorefinery location decisions are impacted by both
biomass supply and demand. Finally we presented Pareto curve which shows: 1) the
tradeoff between economic and environmental objective, and 2) the tradeoff between the
economic objective and social objective. The results shows that as the optimal total
annualized cost reduces from around $17.5 billion to $4.6 billion the annual CO2
emission increases from around 1.04 million ton to around 42 million ton. We also
observe that as the optimal total annualized cost increases from around $4.2 billion to
$18 billion, the annual full time job increases from around 4,800 to around 22,000.
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CHAPTER IV
VARIABLE COST ANALYSIS FOR HIGH-VOLUME AND LONG-HAUL
TRANSPORTATION OF DENSIFIED BIOMASS AND BIOFUEL

4.1

Introduction
This chapter analyzes rail transportation costs of products that have similar

physical properties as densified biomass and biofuel. The results of this cost analysis are
useful to understand the relationship and quantify the impact of a number of factors on
rail transportation costs of denisfied biomass and biofuel. Thus, these results will be
beneficial and help evaluate the economic feasibility of high-volume and long-haul
transportation of biomass and biofuel. High-volume and long-haul transportation of these
products by rail is a viable in-bound and out-bound transportation option for high
capacity bioenergy production plants. In order to estimate rail transportation costs we use
the carload waybill data, provided by Department of Transportation’s Surface
Transportation Board, for products such as grain and liquid type commodities for 2009
and 2011.
This chapter makes two important contributions to the literature. First, this
chapter uses real data from the carload waybill data - provided by Department of
Transportation’s Surface Transportation Board - in order to estimate rail transportation
costs (STB, 2013). This chapter uses the corresponding datasets for products such as
grain and liquid type commodities for 2009 and 2011. Since railways are privately owned
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companies, there is not much publicly available data related to transportation costs. Some
Class I companies, such as, CSXT Corporation and Burlington Northern Santa Fe
Corporation (BNSF) provide in their websites tariffs charged for a number of origindestination shipments. These rail tariffs, although give some insights about the factors
that impact rail transportation costs, do not tell the whole story. First, the tariffs posted on
these websites are subject to negotiations. Second, the tariffs are composed of
transportation costs and profit margins. On the other side, the carload waybill data is a
stratified sample of carload waybills for all U.S. rail traffic submitted by those rail
carriers terminating 4,500 or more revenue carloads annually. We used regression
analysis to quantify the relationship between variable transportation unit cost ($/ton) and
car type, shipment size, rail movement type, commodity type, etc.
The second contribution of this chapter is the fact that it estimates the rail
transportation costs of products with similar physical characteristics to densified biomass
and biofuel. The results of this cost analysis are useful to understand the relationship and
quantify the impact of a number of factors to rail transportation costs of densified
biomass and biofuel. Ultimately, these results will be beneficial and help evaluate the
economic feasibility of high-volume and long-haul transportation of biomass and biofuel.
High-volume and long-haul transportation of these products by rail is a viable in-bound
and out-bound transportation option for high capacity biofuel production plants. Highvolume and long-haul rail transportation of biomass is also a viable transportation option
for coal plants which consider biomass co-firing.
The results of this analysis are useful to bioenergy investors and policy makers.
From an investors pint of view, understanding the impact that shipment size (unit train
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versus single car shipment), movement type (local versus forwarded or received move),
railway ownership, railcar ownership have on variable unit cost help make better
decisions with respect to facility location, in-bound and out-bound logistics management.
Variable costs do impact the tariffs charged by railway companies. Investors can leverage
the knowledge gained from this discussion of rail cost to successfully negotiate tariffs
charged by railway companies. Policy makers rely on logistics models developed by
researchers at US Department of Energy laboratories in order to formulate policies and
incentives similar to the ones listed in the beginning of this chapter. For example, the
Idaho National Laboratory has developed the Biomass Logistics Model (BLM) to
estimate logistics costs of biomass and biofuels (Jacobson and Searcy, 2010). The
regression equations we propose in this chapter can be incorporate with BLM to provide
accurate estimates of rail transportation costs for high-volume and long-haul biomass
transportation.
4.2

Literature Review
The analysis presented in this chapter is unique. The existing literature analyzes

truck transportation cost of densified biomass in the form of pellets, cubs and bales
(Sokhansanj and Turhollow, 2004, 2006; Badger and Peter, 2006; Rogers and Brammer,
2009). Other studies analyze pipe line transportation of biomass (Searcy et al., 2007;
Ileleji et al., 2010; Judd et al., 2011). Rail transportation of biomass is discussed in
Mahmudi and Flynn (2006); Searcy et al., (2007); Bonilla et al., (2009); Sokhansanj et
al., (2009); Ileleji et al., (2010); Judd et al., (2011). These rail transportation-related
studies mainly discussed distance-based fuel costs and loading/unloading costs per ton of
biomass. However, factors such as railway ownership, shipment volume, and type of rail
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movements - just to name a few – are not taken into consideration. Gonzales et al. (2013)
provides a transportation cost analysis for densified biomass feedstock using the publicly
available data. Thus, the work by Gonzales et al. (2013) is closely related to this chapter.
Different from Gonzales et al. (2013), this chapter uses a different dataset, and considers
in the analysis additional factors such as, type of rail movement, and provides more
detailed analysis about shipment volumes.
4.3

Background of Rail Transportation Costs
Estimating rail movement costs of freight rail is inherently more complex than

estimating costs for trucking, as rail has more factors to consider. The most influential
factors that affect the cost of rail movements are the distance traveled by the train.
Another factor is line haul movement costs, which includes the expenses for train crews,
train operations, locomotives, roadway maintenance and some clerical operations. Next, a
major portion of rail cost is associated with switching activities. Switching activities
include industry, interchange, inter-train, and intra-train switching. An industry switch
represents a rail movement from an origin to a destination of a rail company, while an
interchange switch represents a switch event between two railroad lines. An intraterminal switch is a the moving of rail cars from one place to another on the same
railroad line and within the switching limits of one station and an inter-terminal switch is
still contained within a single terminal area but requires an interchange between railroads.
The cost of these switching services depends on the switch engine minutes.
The next major portion of the cost related to rail car movement is due to the
freight car cost. Generally, the freight car cost is computed as a product of mileage and
time charges. These cost also a function of railcar ownership. Railroad owned cars
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receive an accessorial service cost. For privately owned cars, freight car costs are based
only on mileage. The mileage costs for railroad owned cars depend on the car-miles
running and the car-miles in switching services. Time costs depend on car-days running
and car-days in switching services. The days in switching depend on the total car-days for
all classes of switching services required by the shipment. Other cost components of rail
movements are special service costs, motor vehicle unit loading and unloading costs,
refrigerated car protective services, loss and damage claim payments, and intermodal
special service costs.
At present, one can estimate the cost of rail movements by using existing rate
arrangements between railroads and shippers for the movement of commodities. There
are two types of rate arrangements: rail contracts and rail tariffs. Under rail contracts a
price is negotiated between shippers and the railroad. This rate depends on the service
provided, quantity shipped and commodity type. Rail tariffs are published by carriers
showing applicable rates, rules, regulations governing service, routings, special services,
demurrage, commodity definitions and price definitions. For example CSXT’s price lists
contain detailed shipment conditions and rail prices, by price authority, for any move on
CSX (CSXT price list, 2013).
4.4

Data Input
We used railroad way bill data to identify important cost factors that impact major

class 1 rail road movements and to quantify the impact of each factor. The waybill
sample is a stratified sample of carload waybills for all U.S. rail traffic submitted by
those rail carriers generating 4,500 or more revenue carloads annually. Rail waybill is a
primary means of gathering information about freight rail shipments terminated in U.S. A
86

number of organizations, such as, the Department of Transportation (DOT), the
Department of Agriculture (DOA) and industry stakeholders used waybill to monitor
traffic flows and rate trends in the industry. DOT use this information for states when
developing state transportation plans. DOA uses the rail waybill to quantify
transportation cost of agricultural products. The data contained in the waybill sample is
considered as confidential propriety information because it contains sensitive revenue
information. Therefore, we do not present raw data, rather only summarize the results
from our analysis. Rail waybill 2009 and 2011 contain 518,607 and 599,588 samples,
respectively. Rail waybill has 238 data fields. The major data fields used for this study
are listed in APPENDIX C Variable cost given in the rail waybill data was calculated
using The Universal Railroad Costing System (URCS). URCS produces average variable
costs for Class I railroads using railroad specific accounting and operating data. Costs for
local and regional railroads use URCS regional data. Multiple car and unit train cost
reductions were applied at URCS to reflect economics of scale. The details of the URCS
procedure can be found at Surface Transportation Board Railway Cost Program (2013).
4.5
4.5.1

Regression Analysis
Method
We use a stepwise regression method (Draper, 1998) to identify and quantify the

impact of a number of factors on the rail movement costs. Stepwise regression is a
systematic method for adding and removing variables from a multi-linear model based on
their statistical significance in the regression. Stepwise regression adds one independent
variable at a time to the model until the addition of another variable does not make a
significant partial contribution to predicting the dependent variable y. At each step, the
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variable added is the one that is most significant, in other words, the variable with the
smallest P-value. For quantitative predictors, this is the variable with the largest t test
statistic, or equivalently the one providing the greatest increase in the value of the
adjusted R2.
This analysis is focused on shipments by NS, CSXT, BNSF and UP which are the
four major Class I railway companies in the USA (CBO, 2006). We also analyze
international shipments of grains and liquids to and from Canada and Mexico. Three
different shipment sizes are considered for each rail movement: (a) Single car, which
represents the movement of one to five railcars; (b) Multiple cars, which represents the
movement of six to forty-nine railcars tendered under one waybill; and (c) Unit train,
which represents the movement of fifty or more railcars. Four types of movements are
considered in the analysis: (a) Local move, which indicates that a single railway moves
the shipment from its origin to its destination; (b) Forwarded move, which indicates that
this railway originates the shipment from its origin, but it will deliver it to another
railway; (c) Overhead move, which indicates that this railway receives the shipment from
one railway, and will deliver it to another railway; and (d) Received move, which
indicates that this railway receives the shipment from another railway, and it will deliver
the shipment to its destination.
This chapter analyzes transportation costs for feed grains, petroleum fuels, and
liquefied gases since these commodities have similar physical characteristics to densified
biomass feedstock and biofuels. Therefore, estimates of logistics-related costs for these
products are a good representation of logistics-related costs which would occur when
shipping biomass and biofuels. The rail waybill data presents the variable cost for each
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rail waybill sample. This variable cost depends on the product type, distance between
shipment origin and destination, type of railcar used, railcar capacity, railcar ownership,
shipment size and type of rail movements. We retrieve rail movement data from the rail
waybill, and group this data based on the factors listed above. Next, we generate a
number of regression equations to get an understanding of how these factors impact rail
transportation costs. The dependable variable in these equations, denoted by , is the
variable cost (in $/ton) listed in the waybill. The independent variables are listed in Table
4.1
Table 4.1

Variable definition
Dependent Variables

variable cost (in $/ton) for BNSF
variable cost (in $/ton) for CSXT
variable cost (in $/ton) for NS
variable cost (in $/ton) for UP
variable cost (in $/ton) for CN
variable cost (in $/ton) for CNUS
variable cost (in $/ton) for KCS
variable cost (in $/ton) for KCSM
Independent Variables
distance between the shipment origin and its destination (miles)
indicator variable which equals 1 if the railcar used is owned by the railway company, and equals 0
o/w
indicator variable which equals 1 for forwarded moves, and equals 0 o/w
indicator variable which equals 1 for 2011 data, and equals 0 for 2009 data
indicator variable which equals 1 for received moves, and equals 0 o/w
indicator variable which equals 1 for liquid commodity types, and equals 0 o/w
indicator variable which equals 1 for multiple cars, and equals 0 for single car shipments
indicator variable which equals 1 for unit train, and equals 0 for single car shipments
indicator variable which equals 1 for single car shipments by CNUS, and equals 0 for single car
shipments by CN
indicator variable which equals 1 for multiple car shipments by KCS, and equals 0 for multiple car
shipments by KCSM
indicator variable which equals 1 if the cost data for single car local moves comes from rail tariffs
available at CSXT website, and equals 0 if the data comes from the waybill
indicator variable which equals 1 if the cost data for unit train local moves comes from rail tariffs
available at CSXT website, and equals 0 if the data comes from the waybill
indicator variable which equals 1 if the cost data for unit train local moves comes from rail tariffs
available at BNSF website, and equals 0 if the data comes from the waybill
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4.5.2

Estimating rail transportation costs of grain type commodity
In this section we present the regression equations developed for grain type

commodity. In these equations, the unit variable cost is a function of shipment size,
railcar type, and movement type. The Standard Transportation Commodity Code (STCC)
for grain type commodity starts with 113. The following is a list of products under this
code: barley, corn, oats, rice, and grain. Covered hoppers are typically used to transport
these commodities. Therefore, the type of rail car for all the regression equations
developed is covered hopper. The data reveals that there is no overhead move for grain
type commodity. Therefore, regression equations are not developed for overhead moves.
In this section we also present regression equations for international shipment of grains
from and to Canada and Mexico.
4.5.2.1

Regression analysis of BNSF
We use the rail waybill to collect data on BNSF shipments of grain type

commodity. Each rail waybill sample presents the corresponding variable transportation
cost, rail distance and car ownership. These data were used to develop the regression
equations summarized in Table 2. Equation (4.1) presents the relationship among the
variable unit cost ($/per ton), railway distance (miles) and car ownership for local moves
by BNSF. The value of the intercept, $3.01, represents a fixed shipment cost charged per
ton, and the coefficient $0.02 represents the corresponding rate charged per mile and per
ton shipped. The coefficient $5.52 indicates that a shipper is charged, on the average, an
additional $5.52 per ton when using a railcar owned by BNSF. The value of adjusted R2
for this regression model is 96% and the p-values for the independent variables are zero.
Equation (4.2) represents the relationship among variable unit cost, railway distance and
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car ownership for forwarded moves by BNSF. Equation (4.3) represents the relationship
among variable unit cost, railway distance and car ownership for received moves by
BNSF. Equations (4.4) - (4.6) represent the relationship among variable unit cost, railway
distance and car ownership for local, forwarded and received moves for multiple cars
shipment by BNSF. Equations (4.7) and (4.8) represent the relationship among variable
unit cost, railway distance and car ownership for local and received moves of unit trains
by BNSF.
A general observation from the equations presented in Table 4.2 is that the fixed
shipment cost gets smaller as we go from using single car shipments to using multiple car
shipments, and unit train shipments. This is due to the incentives provided by Railway
Companies for aggregate shipments of bulk products.
Table 4.2

Regression equations of BNSF for grain type commodity, 2009

Shipment Size Move Type

Single car

Rail Cost Equation

Local

3.01

0.02

Forwarded

4.05

0.016

Received

2.50

0.0214

Local
Multiple car Forwarded
Received
Local

.65
.6

2.85

0.02

0.02

.826

5.52

2.58
1.372

0.02

.471

3.55

1.06

0.012

Adjusted

Sample

Equation

R2

Size

Nr.

96.00%

764

(4.1)

95.30%

21

(4.2)

97.00%

146

(4.3)

98.70%

1145

(4.4)

99.50%

48

(4.5)

99.50%

55

(4.6)

98.70%

1298

(4.7)

97.10%

55

(4.8)

2.045
Unit train
Forwarded

1.276

0.0135
1.71
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Table 4.3 summarizes the regression equations developed for BNSF using 2011
rail waybill data. Due to the limited number of observations for received move shipments
in this dataset, we did not run the corresponding regression equations. Equations (4.9) (4.11) and equations (4.13) - (4.14) represent the relationship among variable unit cost,
railway distance and car ownership for different moves and shipment sizes. Equation
(4.12) represents the relationship between variable unit cost and railway distance when
the railcar is owned by BNSF. This is because all the samples in the dataset included only
shipments by BNSF owned railcars.
Table 4.3
Shipment
Size

Regression equations of BNSF for grain type commodity, 2011
Move Type

Rail Cost Equation

Adjusted

Sample

Equation

R2

Size

Nr.

Local

3.40

0.025

5.11

98.80%

614

(4.9)

Forwarded

5.14

0.019

2.88

96.80%

28

(4.10)

.71

0.024

3.15

99.50%

823

(4.11)

2.03

0.024

99.00%

30

(4.12)

.65

0.015

1.96

99.70%

1346

(4.13)

.38

99.00 %

42

(4.14)

Single car
Local
Multiple car
Forwarded
Local
Unit train
Forwarded

.54

0.0152

Note that, the fixed cost values of Equations (4.11) and (4.13) are negative. We
rerun the regression equations considering

as the only independent variables. The

following are the corresponding equations generated:
1.18

0.0154

2.044

0.024 (4.11*) and

(4.13*). The fixed cost factor in these equations is positive. This

implies that, the negative fixed cost of equations (4.11) and (4.13) are necessary to offset
the cost associated with the independent variable .
92

In order to quantify the impact of different movement type on the variable unit
cost, we developed equations (4.15) and (4.16). Equation (4.15) is developed using 2011
data for single car shipments, and (4.16) uses 2011 data for unit train shipments.
3.58

0.025

.54

0.0154

4.94
1.86

3.28
.203

(4.15)
(4.16)

The values of the adjusted R2 are 94% and 96%. The p-values for all the
dependent variables are zero. The results indicate that local moves are more expensive
than forwarded moves. The difference in price for single car movements is, on the
average, $3.28/ton. The higher cost of local moves is due to the fact that BNSF handles
the loading and unloading of shipments. This is not the case for forwarded moves where
BNSF handles only the loading of a shipment on a train.

We developed equations (4.17) and (4.18) in order to quantify the impact of time
(inflation) on the variable transportation costs. Equation (4.17) corresponds to single car
and local move shipments, and (4.18) corresponds to unit train local move shipments.
The results indicate an average of $4/ton increase of variable costs from 2009 to 2011.
This increase is due to inflation and increase in the price of gas.
1.09
2.81

0.0223
0.0137
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5.39
2

4.6
4.2

(4.17)
(4.18)

4.5.2.2

Regression analysis of CSXT
In this section we present the results from regression analysis of CSXT waybill

data. Table 4.4 summarizes the regression equations developed using the 2009 rail
waybill. The dataset has an insufficient number of rail waybill samples of forwarded
moves. Therefore, we did not develop regression equations for these movements.
Equations (4.19) – (4.24) represent the relationship among variable unit cost, railway
distance and car ownership for shipments of different sizes and move types.
Table 4.4

Regression equations of CSXT for grain type commodity, 2009

Shipment Size Move Type

Rail Cost Equation

Adjusted R2

Sample Equatio
Size

n Nr.

Local

3.14

0.0217

3.618

92.50%

261

(4.19)

Received

1.355

0.022

5.1712

98.90%

57

(4.20)

1.01

0.026

3.878

98.30%

186

(4.21)

Single car
Local
Multiple cars
Received
Local

0.022

3.6234

98.80%

21

(4.22)

1.61

0.01783

97.50%

329

(4.23)

99.90%

68

(4.24)

2.857

Unit train
Received

1.68

0.018

2.798

Table 4.5 summarizes the regression equations developed for CSXT using rail
waybill of 2011. Equations (4.25) - (4.29) represent the relationship among variable unit
cost, railway distance and car ownership for different move types and shipment sizes.
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Table 4.5

Regression equations of CSXT for grain type commodity, 2011

Shipment Size Move Type

Adjusted Sample Equation

Rail Cost Equation

R2

size

Nr.

Local

3.31

0.025

4.36

96.90%

222

(4.25)

Received

2.89

0.023

6.90

98.60%

66

(4.26)

99.00%

206

(4.27)

98.10%

272

(4.28)

98.60%

65

(4.29)

Single car
Local

0.81

0.026

Local

1.13

0.0194

Received

1.03

0.019

Multiple car

3.84
2.54

Unit train
2.54

In order to quantify the impact of different movement type we use an additional
indicator variable

which takes the value 1 if the movement type is a received move,

and takes the value 0 otherwise. Equation (4.30) is developed using the 2011 waybill data
for single car shipments. The value of the adjusted R2 = 97% and p-values are zero. The
equation indicates that, on the average, the unit cost ($/ton) for received moves is $1.61
smaller as compared to local moves. We ran a similar regression for unit trains. However,
variable

was not found statistically significant.
3.43

0.0246

4.73

1.61

(4.30)

We develop equations (4.31) and (4.32) in order to quantify the impact of
inflation to prices charged in 2011 versus 2009. Equation (4.31) corresponds to single car
and local moves. Equation (4.32) corresponds to unit train and local moves. The values of
the adjusted R2 are 94%, 97%, and p-values are zero. These equations clearly indicate
that there is a cost increase in 2011 as compared to 2009, and these increases are greater
for local moves.
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1.74

0.0223

2.03
4.5.2.3

0.0185

4.47
2.74

2.484

(4.31)

1.37

(4.32)

Regression analysis of UP
Table D.1 APPENDIX D summarizes the regression equations developed using

rail waybill of 2009. Due to the inadequate size of the dataset, we did not develop
regression equations for forwarded moves by UP. Equations (D.1)-(D.7) represent the
relationship among variable unit cost, railway distance and car ownership as a function of
shipment size and move type. These equations clearly indicate that, unit train movements
are less expensive than single car movements.
Table D.2 in APPENDIX D summarizes the regression equations developed for
UP using rail waybill of 2011. Equations (D.8)-(D.13) represent the relationship among
variable unit cost, railway distance and car ownership based on shipment size, and move
type. Equations (4.33) and (4.34) are developed for single car and unit train shipments,
correspondingly. These equations indicate that local moves are more expensive as
compared to received moves. For single car shipments, local moves, on the average, cost
$2.24/ton more than received moves. The difference in costs is $1.28/ton for unit train
shipments.
3.25

0.022

7.57

2.24

(4.33)

.76

0.018

3.75

1.28

(4.34)

Equations (4.35) and (4.36) are developed for single car local move and unit train
local move shipments respectively. These equations indicate an increase in rail
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transportation costs in 2011 as compared to 2009. The increase is, on the average,
$1.68/ton for single car shipments and $2.68/ton for unit car shipments.

4.5.2.4

2.93

0.02

8.59

1.06

0.013

1.68

3.93

2.68

(4.35)
(4.36)

Regression analysis of NS
Table D.3 and Table D.4 in APPENDIX D summarizes the regression equations

developed for NS using 2009 and 2011 rail waybill datasets. Due to the inadequate size
of the dataset, we did not develop regression equations for forwarded and received moves
by NS. Equations (D.14)-(D.20) represent the relationship among variable unit cost,
railway distance and car ownership based on shipment size and move type. These
equations indicate that unit train shipments are less expensive than single car shipments.
We used the 2011 dataset to develop equation (4.37) which corresponds to single
car shipments. This equation indicates that, on the average, local moves cost $2.05/ton
more than forwarded moves. Equations (4.38) and (4.39) correspond to single car local
moves, and unit train local moves. These equations indicate an increase in transportation
costs in 2011 as compared to 2009.

3.03
.66
2.01

0.0273

.025

4.07

.019
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2.68

2.05

(4.37)

3.91
2.89

(4.38)
(4.39)

4.5.2.5

Regression analysis of international shipment
The Canadian National Railway Company (CN) is a Canadian Class I railway that

serves Canada and the Midwestern and Southern US. Table D.5and Table D.6 in
APPENDIX D summarize the regression equations developed using 2009 and 2011 rail
waybill datasets. Some local move shipments by CN do cross the Canada-US borders,
and other shipments do not. The waybill data presents separately the information about
the unit transportation cost for grain type commodity when CN serves US or Canada.
Thus, we develop regression equations which represent variable costs of CN for both
operations. Forwarded moves, on the other side, always originate in Canada. For these
moves, the waybill does not provide separate information about US and Canada
operations. Equations (D.21) and (D.22) represent the relationship among variable unit
cost, railway distance and car ownership for Canada and Canada-US operations
respectively. Similarly, (D.24) and (D.25) represent regression equations for Canada and
Canada-US operations. The waybill does not include data about unit train shipments for
grain type commodity.
The Kansas City Southern Railway (KCS) Company serves the central and south
central US. Its international holdings, Kansas City Southern de Mexico (KCSM), serve
North Eastern Mexico. For this reason, the transportation costs for grain type commodity
are separated into costs for shipments that use routes along KCSM and KCS lines. The
waybill did not provide data about single car shipments of KCS. This is the reason why
we do not present regression equations for single car shipments. Table D.7and Table D.8
in APPENDIX D summarize the regression equations developed for KCSM using 2009
and 2011 rail waybills, respectively.
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4.5.3

Estimating rail transportation cost of bulk liquid type commodity
Bulk liquids are commodities whose STCC code on the waybill starts with 29 or

13. These commodities are crude petroleum; natural gas or gasoline; and byproducts of
petroleum refining, paving or roofing materials. The size of the dataset for rail
movements of bulk liquid products is smaller as compared to grain products. In 2009
waybill, bulk liquid products data represented only 1% of the overall dataset. The size of
this dataset increased to 1.21% in the 2011 waybill. The type of cars which are typically
used for shipping liquid type commodity are tank cars with a capacity less than 22,000
gallons, tank cars with a capacity of 22,000 gallons and over, open top hopper cars used
for special services, open top hopper cars used for general services, and plain gondola
cars. The waybill reveals that tank cars of capacity in excess of 22,000 gallons are owned
by private companies. On the other side, open top hopper cars used for special services
are owned by the railway company. Thus, in the resulting regression equations we do not
include the independent variable

.These waybills present no data about unit train

shipment of liquid type products.
4.5.3.1

Regression analysis of BNSF
Table D.9and Table D.10 in APPENDIX D summarize the regression equations

developed for BNSF using 2009 and 2011 rail waybills. Equations (D.39)-(D.46)
represent the relationship between variable unit cost and railway distance for different
types of cars, when the railcars used are owned by private companies. Equation (4.40) is
generated for local moves of single car shipments. This equation indicates a cost increase
of $5.59/ton in 2011 compared to 2009.
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3.88
4.5.3.2

.0243

5.59

(4.40)

Regression analysis of CSXT
Table D.11and Table D.12 in APPENDIX D summarize the regression equations

developed for CSXT using 2009 and 2011 rail waybills. Due to the limited number of
observations of forward moves in the 2011 dataset, we did not developed corresponding
equations. Equation (4.41), which is developed for single car local moves, indicates that
transportation costs in 2011 were increased by an average of $3.93/ton as compared to
2009.
4.92
4.5.3.3

.024

3.93

(4.41)

Regression analysis of UP
Table D.13and Table D.14 in APPENDIX D summarize the regression equations

developed for UP using 2009 and 2011 rail waybills. Due to lack of data about multiple
car shipments of liquid type commodities in the 2009 waybill, we did not develop
regression equations for those shipments. UP uses equipped box cars for local moves of
liquid type products, thus, we develop regression equations for these shipments. Equation
(4.42), which is developed for single car local moves, indicates that transportation costs
in 2011 were increased by an average of $2.19/ton as compared to 2009.
4.80
4.5.3.4

.023

2.19

(4.42)

Regression analysis NS
Table D.15 and Table D.16 in APPENDIX D summarize the regression equations

developed for NS using 2009 and 2011 rail waybills. As there were no multiple car
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shipments for liquid type commodity in 2009 and 2011 waybills, we did not develop the
corresponding regression equations. Equation (4.43), which is developed for single car
local moves, indicates that transportation costs in 2011 were increased by an average of
$3.05/ton as compared to 2009.
1.83
4.6

.03

3.05

(4.43)

Discussion of Results
We list some important observations made from the regression analysis. These

observations reveal some important characteristics of current rail transportation costs in
the US. The value of adjusted R2 for the equations listed below (other than Equations
(4.59) and (4.60)) ranges between 92% and 100%. The corresponding p-values for the
independent variables are almost zero.
4.6.1

Observation 1
Figure 3 presents the relationship between the unit transportation costs and

transportation distance for local moves by different railway companies and different
shipment sizes. Results indicate that the variable cost for NS is smallest for travel
distances up to 230 miles. For longer distances, UP is the least expensive transportation
mode (Figure 4.1 a). This difference can be explained by the fact that travel distances to
the West are longer than East USA. Additionally, Western USA is flatter, thus, a trains
that travels from Midwest to West USA can pull more rail cars than a train that travels to
the East. Therefore, for longer distances to the West, transportation costs are typically
smaller.

101

The results indicate that UP has the smallest variable cost per ton for multiple car
shipments of local moves (Figure 4.1.b). BNSF has the smallest variable cost per ton for
unit train shipments of local moves (see Figure 4.1.c). The 2011 rail waybill data
indicates that, local moves of unit train shipments traveled, on the average, along UP,
BNSF, CSXT, and NS lines for 1,293, 1,216, 771, and 726 miles respectively.

Figure 4.1

Relationship between distance and unit transportation cost ($/ton) for grain
type commodities
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4.6.2

Observation 2
Figure 4.2 presents the relationship between distance and unit transportation cost

for single car local moves of liquids. Data about single car local moves represents 53% of
the waybill data on liquid type commodities. The graph indicates that, for transportation
distances less than 420 miles, NS is the most cost efficient railway company. For longer
distances, UP has the smallest variable unit cost.
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4.6.3
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Relationship between distance and unit transportation cost ($/ton) for liquid
type commodities

Observation 3
Transportation costs for liquid type commodities are higher than grains. Equations

(4.44) to (4.47) are developed using 2011 waybill data for single car local moves. Recall
that, for these moves of liquid type commodities, the waybill presents data only about
privately owned, tank cars of capacity over 22,000 gallons. Thus, the data used in here
corresponds to privately owned rail cars used for shipment of grains as well. The results
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indicate that the price difference between these two commodity types varies between
$2.26/ton and $5.45/ton.

4.6.4

4.78

.0236

2.32

(4.44)

3.06

.0254

5.01

(4.45)

2.21

.023

5.45

(4.46)

1.72

.031

2.26

(4.47)

Observation 4
Unit train shipments are cheaper than multiple and single car shipments, and

multiple cars shipments are cheaper than single car shipments of grain type commodity.
In order to quantify the cost differences between single and multiple car shipments of
local moves, we develop equations (4.48) to (4.51). It is clear that multiple car shipments
are less expensive. The average difference in costs varies between $3.6/ton and $6.68/ton
depending on railway ownership.
4.71

.0246

3.25

.025

4.087

6.68

4.12

3.61

.022

6.89

2.42

.029

4.6

4.09
5.19
3.5

(4.48)
(4.49)
(4.50)
(4.51)

Similarly, equations (4.52) to (4.55) are developed in order to quantify the
difference in costs between single car and unit train shipments for local moves. The
average difference in costs is between $8.9/ton and $17.15/ton depending on railway
ownership.
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10.72
5.12

4.6.5

.0188

3.66

.023

17.15

3.84

(4.52)

9.9

(4.53)

9.34

.017

5.38

13.85

(4.54)

4.88

.025

3.72

8.95

(4.55)

Observation 5
The variable cost of CNUS is smaller than the variable cost of CN for grain type

commodities. Equations (4.56) and (4.57) are developed for single car and multiple car
shipments correspondingly. Both equations indicate that variable costs for CNUS are
lower compared to CN.
1.37
.028

.03

4.78

3.798

.52

.89

(4.56)
(4.57)

Equation (4.58) represents the relationship between costs, transportation distance,
railcar ownership for multiple car shipments of grain along KCS and KCSM railways.
Results indicate that, the unit variable cost is smaller for KCS as compared to KCSM.
.67
4.6.6

.023

1.26

.37

(4.58)

Observation 6
Variable rail transportation costs have increased significantly from 2009 to 2011.

This increase is mainly due to the increase of fuel price. We collected retail prices for
Diesel Ultra-Low Sulfur (0-15 ppm) for the period of 2007 to 2011 (EIA, 2013).Figure
4.3 shows the change in the price of diesel during this time period. Table 4.6summarizes
the mean, standard deviation and median of diesel price for 2009 and 2011. The retail
price of diesel in 2011 is 1.55 times higher than in 2009.
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Average retail price
($/gallon)

5
4
3
2

Figure 4.3

Table 4.6

4.6.7

Jun-2013

Oct-2012

Feb-2013

Jun-2012

Feb-2012

Jun-2011

Oct-2011

Feb-2011

Jun-2010

Oct-2010

Oct-2009

Feb-2010

Jun-2009

Oct-2008

Feb-2009

Jun-2008

Feb-2008

Jun-2007

Oct-2007

Feb-2007

1

The national average price of diesel ultra-low sulfur (0-15 ppm) during
2007 to 2013 (EIA, 2013)

The national mean, standard deviation and median price of diesel ultra-low
sulfur (0-15 ppm) for 2009 and 2011 (EIA, 2013)
Year

Average

Standard deviation

Median

2009
2011

2.52
3.92

0.24
0.20

2.59
3.94

Observation 7
Rail tariff rates provided by BNSF and CSXT on their website are significantly

higher than the variable cost found from the carload waybill data. This is due to fact that
tariffs include investment cost and profit margins in addition to the variable cost. In order
to quantify the difference between the rail tariffs posted in the CSXT website and the
variable cost found from rail waybill, we developed the following equations. The value of
the adjusted R2 for Equation (4.59) is 72% and (4.60) is 66%. The p-values for the
independent variables are almost zero.
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5.75

.022

2.044

.022

3.23
1.34

11.54
15.3

(4.59)
(4.60)

These equations indicate that the tariffs listed by CSXT for single car local moves
are on the average $11.54/ton higher than the variable cost for CSXT. For unit train local
moves the corresponding difference is on the average $15.3/ton. A similar analysis with
BNSF (see Equation (101)) indicates that the tariffs charged by BNSF are on the average
$6.43/ton higher than the variable costs
1.555
4.7

.0152

6.34

(4.61)

Conclusion
This chapter analyzes variable rail transportation costs for major Class I railway

companies using the carload waybill dataset. This data is collected by Department of
Transportation’s Surface Transportation Board, and it is a stratified sample of carload
waybills for all U.S. rail traffic submitted by those rail carriers terminating 4,500 or more
revenue carloads annually. The chapter uses the data corresponding to products such as
grain and liquid type commodities for 2009 and 2011. These products have similar
physical properties as densified biomass and biofuel, and therefore, the equations we
developed can be used to estimate rail transportation costs for these products.
The analysis proposed in here relies on developing regression equations. These
equations represent the relationship that exists between unit variable costs and
transportation distance, railway ownership, railcar ownership, movement type, shipment
size, etc. Some important observations made through this analysis are: (1) For local
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moves of grains: the unit variable cost of NS is smallest (as compared to other railway
companies) for travel distances up to 230 miles. For longer distances, UP has the smallest
unit variable cost. UP has the smallest unit variable cost for multiple car shipments.
BNSF has the smallest variable unit cost for unit train shipments. (2) For single car local
moves of liquids: NS has the smallest unit variable cost for distances less than 430 miles.
For longer distances, UP has the smallest variable unit cost. (3) Transportation costs for
liquid type commodities are higher than grains. (4) Unit train shipments are cheaper than
multiple and single car shipments, and multiple cars shipments are cheaper than single
car shipments of grain type commodity. (5) The unit variable cost for rail transportation
within US is smaller as compared to shipments in Canada and Mexico. For example, the
variable unit cost for grain transportation using CNUS is $0.5-$1 lower as compared to
CN. Similarly, the variable unit cost for multiple car shipments of grain along KCS is
$0.37 lower as compared to KCSM. (6) Variable rail transportation costs have increased
significantly from 2009 to 2011. (7) Rail tariff rates provided by BNSF and CSXT on
their website are significantly higher than the variable cost found from the carload
waybill data.
This chapter contribution to the existing literature is twofold. First, this paper uses
real data from the carload waybill. Since railways are privately owned companies, there
is not much publicly available data related to transportation costs. Some Class I
companies, provide in their websites tariffs charged for a number of origin-destination
shipments. These rail tariffs, although give some insights about the factors that impact
rail transportation costs, do not tell the whole story since they are subject to negotiations
and they include profit margins. Second, this chapter uses regression analysis to estimate
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rail transportation costs of products with similar physical characteristics to densified
biomass and biofuel. These results are useful to bioenergy investors and policy makers.
Investors can leverage the knowledge gained from this discussion of rail cost to
successfully negotiate tariffs charged by railway companies. Policy makers can use these
results to shape better policies and incentives to increase production and use of
bioenergy. The regression equations we propose in this paper can be incorporate with
BLM to provide accurate estimates of rail transportation costs for high-volume and longhaul biomass transportation.
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Table A.1

Train Capacity Calculation
Practical Daily Train Capacity

Terrain

Tracks Siding/crossing occurrence

Flat
Flat
Flat
Hilly
Hilly
Hilly
Mountainous
Mountainous
Mountainous
Flat
Flat
Flat
Hilly
Hilly
Hilly
Mountainous
Mountainous
Mountainous
Flat
Flat
Hilly
Hilly
Mountainous
Mountainous
Flat
Hilly
Mountainous
Flat
Hilly
Mountainous

1
1
1
1
1
1
1
1
1
2
2
2
2
2
2
2
2
2
3
3
3
3
3
3
4
4
4
5 or 6
5 or 6
5 or 6

Table A.2

Under 10 miles
Between 10 and 20 miles
Over 20 miles
Under 10 miles
Between 10 and 20 miles
Over 20 miles
Under 10 miles
Between 10 and 20 miles
Over 20 miles
Under 10 miles
Between 10 and 20 miles
Over 20 miles
Under 10 miles
Between 10 and 20 miles
Over 20 miles
Under 10 miles
Between 10 and 20 miles
Over 20 miles
Under 10 miles
Between 10 and 20 miles
Under 10 miles
Between 10 and 20 miles
Under 10 miles
Between 10 and 20 miles
Under 10 miles
Under 10 miles
Under 10 miles
Under 10 miles
Under 10 miles
Under 10 miles

CTC

ABS

MAN

60
36
22
50
30
18
48
29
17
181
108
65
151
91
54
143
86
51
301
181
252
151
238
143
452
378
357
587
491
464

30
18
11
26
15
9
24
14
9
90
54
32
76
45
27
71
43
26
151
90
126
76
119
71
226
189
179
294
246
232

19
12
7
16
10
6
15
9
5
58
35
21
48
29
17
46
27
16
96
58
81
48
76
46
145
121
114
188
157
149

Heating value and emission factor of different coal material

Coal type

Heat
content (Kwh/ton)

Bituminous

7,170

C02
emission factor
(kg/ton)
2,218.58

Subbitumin

5,250

1,651.01

0.026

0.172

Synthetic

2,470

865.64

0.012

0.108

Lignite

3,310

1,092.53

0.016

0.081

N2 0
emission factor
(kg/ton)
0.035

CH4
emission factor
(kg/ton)
0.235

ous
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Table B.1

Number of Job Created due to Construction and Operations of a Biorefinery
State

KS

NE

IA

SD

CA

AZ

CO

UT

NM

Birefinery
size

Nr. Of
Constr.
Job

Nr. Of Op. Job

60

89

137

90

112

170

120

143

186

60

93

150

90

118

187

120

150

207

60

91

148

90

115

186

120

147

205

60

98

157

90

124

197

120

158

218

60

86

188

90

109

246

120

139

286

60

98

191

90

123

248

120

157

286

60

92

171

90

116

220

120

148

250

60

106

172

90

133

217

120

170

242

60

93

160

90

117

214

120

149

230

120

Table B.1 (Continued)
60
WY

NV

Table B.2

76

134

90

96

168

120

123

186

60

79

148

90

100

186

120

128

207

The number of biorefinery ,its size and location for scenario 3
State

SPLC

City

Capacity
(MGY)

CO

752768

DOTSERO

60

CO

752768

DOTSERO

90

CO

756488

BRIDGEPORT

60

IA

536640

NEWTON

120

IA

534553

ELDRIDGE

120

KS

592147

KANONA

120

KS

599354

SYRACUSE

60

KS

588363

HALSTEAD

120

NE

553346

ELKHORN

120

NE

555973

DARR

120

NE

558147

JUNIATA

120

SD

527162

CROOKS

120
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Table C.1

Major data fields used in the 2009 and 2011 waybill data acquired for the
Surface Transportation Board

Name description:
Commodity Code (STCC)

Origin Railroad Alpha

The Standard Transportation Commodity Code (STCC) identifies
the product designation for the commodity being transported
The total number of carloads on the sampled waybill
The total billed weight (in hundredweight) is the weight of the commodity being
transported
The theoretical expansion factor is the inverse of the sampling rate (Table 1)
The billed weight in tons multiplied by the expansion factor
Alpha/numeric code which identifies the owner of the car:(R) railroad owned;
(P) Privately Owned;(T) Trailer Train
Information about origin rail road

First-Sixth Interchange RR Alpha
Termination Railroad Alpha

Information about rail road between origin and destination
Information about termination rail road

First to seventh Railroad Distance
STB Car Type
Termination Railroad Distance
Railroad 1 to 8 Variable Cost

The actual distance traveled by the first carrier to seventh carrier in the route
The STB car type is inferred from the AAR equipment type
The actual distance traveled by the termination carrier in the route
The portion of the total variable cost for the first to eighth rail carrier in the route. Variable
cost for all railroads in the waybill computed using the Uniform Railroad Costing System
(URCS).
Country code for the origin railroad typically USA, Canada or Mexico
Country code for the termination railroad

Number of Carloads
Billed Weight (CWT)
Theoretical Expansion Factor
Expanded Tons
Car Ownership

Origin Railroad Country Code
Termination Railroad Country Code
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Table D.1
Shipment Size
Single car
Multiple cars
Unit train

Regression equations of UP for grain type commodity, 2009
Move Type
Local
Received
Local
Forwarded
Received
Local
Received

Table D.2
Shipment Size
Single car
Multiple cars
Unit train

Move Type
Local
Received
Local
Received
Local
Received

Shipment Size
Single car
Multiple cars
Unit train

Table D.4
Shipment Size

Multiple cars
Unit train

Adjusted R2
97.40%
97.30%
98.55%
99.70%
98.40%
98.10%
98.80%

Sample Size
423
250
338
25
54
371
67

Equation Nr.
(D.1)
(D.2)
(D.3)
(D.4)
(D.5)
(D.6)
(D.7)

Regression equations of UP for grain type commodity, 2011

Table D.3

Single car

Rail Cost Equation
3.47 0.019
9.2
2.84 0.021
5.14
1.67 0.021
5.85
.64 0.021
4.427
1.75 0.021
5.12
.18 0.0123
3.7
.31 0.013
1.99

Rail Cost Equation
3.56 0.0215
8.06
1.89 0.0248
4.6
1.02 0.023
4.93
0.023
3.81
.78 0.0138
3.78
0.0166
2.22

Adjusted R2
97.80%
97.80%
98.68%
99.14%
99.00%
98.14%

Sample Size
491
171
374
23
452
16

Equation Nr.
(D.8)
(D.9)
(D.10)
(D.11)
(D.12)
(D.13)

Regression equations of NS for grain type commodity, 2009
ve Type
Local
Local
Local

Mo

Rail Cost Equation
2.71 0.0228
3.118
.48423 0.024
3.23
.408 0.018
2.10

usted R2
95.36%
97.73%
99.00%

Adj

mple Size
462
314
287

Sa

tion Nr.

Equa
(D.14)
(D.15)
(D.16)

Regression equations of NS for grain type commodity, 2011
Move Type
Local
Forwarded
Local
Local

Rail Cost Equation
1.477 0.031
3.8416
1.468 0.026
.52 0.028
4.66
.7318 0.0214
3.03
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Adjusted R2
98.26%
97.40%
98.70%
98.90%

Sample Size Equation Nr.
247
(D.17)
30
(D.18)
347
(D.19)
324
(D.20)

Table D.5
Shipment Size
Single car

Regression equations of CN for grain type commodity, 2009
Move Type
Local
Forwarded

Multiple cars

Table D.6
Shipment Size
Single car

Local

Table D.7
Shipment Size

Move Type
Local

Local

Move Type

Multiple cars
Received

Equation Nr.
(D.21)
(D.22)
(D.23)
(D.24)
(D.25)

Rail Cost Equation
1.9 0.0311x
4.85x
1.46 0.03x
4.6x
2.14 .029x
6.03x
3.31 0.031x
4.23x
0.0256x
2.5x

Adjusted R2
98.50%
97.60%
97.90%
97.50%
99.80%

Sample Size
154
154
44
23
23

Equation Nr.
(D.26)
(D.27)
(D.28)
(D.29)
(D.30)

Rail Cost Equation
.64

0.017
.79
.56 0.0176
1.70
.68 .0172 *
1.127 .01337 *

Adjusted R2

Sample Size

99.80%
98.20%
99.50%
96.02%

41
41
36
34

Equation Nr.
(D.31)
(D.32)
(D.33)
(D.34)

Regression equations of KCS (destination Mexico) for grain type
commodity, 2011

Shipment Size

Move Type

Multiple cars

Local

Unit train

Sample Size
149
136
96
31
30

Regression equations of KCS (destination Mexico) for grain type
commodity, 2009

Local

Table D.8

Adjusted R2
95.20%
98.80%
97.40%
86.34%
92.10%

Regression equations of CN for grain type commodity, 2011

Forwarded
Multiple cars

Rail Cost Equation
0.023
5.52
0.022
5.45
1.20 .023
5.31
0.018
2.33
0.019
2.97

Local
Received

Rail Cost Equation
.203 0.023
1.158
1.14 0.0218 1.17
1.27 0.0219
2.91
.016

1.21
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Adjusted R2

Sample Size

99.99%
98.80%
97.30%

44
44
68

95.90%

34

Equation Nr.
(D.35)
(D.36)
(D.37)
(D.38)

Table D.9

Regression equations of BNSF for liquid type commodity, 2009

Shipment Size Move type

Car Type

Rail Cost Equation
5.46
1.83

Local

Single car
Multiple cars

Tank car, over 22,000 gallons
Open top hopper car, general
service
Received Tank car, over 22,000 gallons
Local Covered hopper car

0.0212
0.0213

*
9.58

4.16 0.0216 *
1.138 0.0179

1.41

Adjusted Sample Equation
R2
Size
Nr.
97.20% 381
(D.39)
97.62% 219
(D.40)
98.53% 94
99.90% 65

(D.41)
(D.42)

Table D.10 Regression equations of BNSF for liquid type commodity, 2011
Shipment
Size

Move Type

Single car

Tank car, over 22,000 gallons
Open top hopper car, general
service
Forwarded Tank car, over 22,000 gallons
Received Tank car, over 22,000 gallons

Car Type

Local

6.40 0.0276 *
5.526 0.0233
5.96

Adjusted Sample Equati
R2
Size on Nr.
98.70%
313
(D.43)
97.80%
146
(D.44)

4.11 0.026 *
5.052 0.0272 *

99.18%
99.01%

Rail Cost Equation

199
101

(D.45)
(D.46)

Table D.11 Regression equations of CSXT for liquid type commodity, 2009
Shipment
Size
Single car
Multiple
cars

Move Type
Local
Forwarded
Received
Local
Received

Car Type

7.07 0.0213 *
3.713 0.022661 *
4.668 0.02281 *
2.38 0.02889 **

Adjusted
R2
92.70%
94.90%
97.12%
99.00%

Sample Equation
Size
Nr.
187
(D.47)
44
(D.48)
174
(D.49)
68
(D.50)

.26

99.00%

33

Rail Cost Equation

Tank car, over 22,000 gallons
Tank car, over 22,000 gallons
Tank car, over 22,000 gallons
Open top hopper car, special
service
Open top hopper car, general
service

0.0338

(D.51)

2.562

Table D.12 Regression equations of CSXT for liquid type commodity, 2011
Shipment Move Type
Size
Single car Local
Received
Multiple Local
cars

Car Type

Rail Cost Equation
7.75
4.19
4.53

Tank car, over 22,000 gallons
Tank car, over 22,000 gallons
Open top hopper car, special
service
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0.026 *
0.0282
0.0357 **

Adjusted
R2
92.90%
96.40%
95.00%

Sample Equatio
Size
n Nr.
595
(D.50)
290
(D.51)
55
(D.52)

Table D.13 Regression equations of UP for liquid type commodity, 2009
Shipment Size Move Type

Local
Single car

Forwarded
Received

Car Type
Tank car, over 22,000
gallons
Equipped box car
Tank car, over 22,000
gallons
Tank car, over 22,000
gallons

Adjusted
R2

Rail Cost Equation
5.507
3.9

0.0228

*

96.9

315

12.12

96.15

74

0.020217 *

92.17

121

0.02 *

98.35

55

0.020

3.54

Sample Equation
Size
Nr.

4.65

(D.53)
(D.54)
(D.55)
(D.56)

Table D.14 Regression equations of UP for liquid type commodity, 2011
Shipment Size

Move Type

Car Type

Local

Tank car, over 22,000 gallons
Equipped box car

Forwarded

Tank car, over 22,000 gallons

Received

Tank car, over 22,000 gallons
Open top hopper car, general
service

5.11

Single car

Multiple Cars

6.7174

Local

0.0239

Sample Equation
size
Nr.
456
(D.57)
69
(D.58)

Adjusted R2

Rail Cost Equation
*

98.78%
97.40%

0.023
6.27
3.18 0.0276 *

94.40%

45

(D.59)

4.55 0.0235 *
5.38 0.02 **

99.30%
96.14%

77
22

(D.60)
(D.61)

Table D.15 Regression equations of NS for liquid type commodity, 2009
Shipment Size

Single car

Move Type

Car Type

Local

Tank car, over 22,000
gallons
Tank car, over 22,000
gallons
Tank car, over 22,000
gallons

Forwarded
Received

Adjusted
Equation
Sample Size
R2
Nr.
315
(D.62)
0.02759 * 99.20%

Rail Cost Equation
3.47

3.818
0.02381 *
3.065 0.0264 *

99.56%

36

(D.63)

98.67%
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(D.64)

Table D.16 Regression equations of NS for liquid type commodity, 2011
Shipment Size Move Type

Single car
Unit Train

Local
Forwarded
Received
Local

Car Type

Rail Cost Equation
3.73 0.031 *
2.468 0.03245 *
3.116 0.03 *
1.08 0.031
1.97

Tank car, over 22,000 gallons
Tank car, over 22,000 gallons
Tank car, over 22,000 gallons
Open top hopper car, general
service

* All cars owned by private companies
** All cars owned by rail Companies
128

Adjusted
R2
98.80%
97.30%
98.80%
98.66%

Sample Equati
Size
on Nr.
116
31
166
104

(D.65)
(D.66)
(D.67)
(D.68)

